UNIVERSITY OF TECHNOLOGY SYDNEY

Faculty of Engineering and Information Technology

Measurement, Modelling and State Estimation
Techniques for Lithium-ion batteries

by

Qi Yao

A THESIS SUBMITTED
IN PARTIAL FULFILLMENT OF THE
REQUIREMENTS FOR THE DEGREE

Doctor of Philosophy

Sydney, Australia

2021



Certificate of Authorship/Originality

I, Qi Yao, declare that this thesis, is submitted in fulfilment of the requirements for
the award of Doctor of Philosophy in the Faculty of Engineering and Information
Technology at the University of Technology Sydney.

This thesis is wholly my own work unless otherwise referenced or acknowledged. In
addition, I certify that all information sources and literature used are indicated in

the thesis.

This document has not been submitted for qualifications at any other academic

institution.

This research is supported by the Australian Government Research Training Pro-

gram.

Production Note:
Signature: Qi Yao Signature removed prior to publication.

Date: 27/02/2021



Dedication

My Uncle, Chengjin Yao



Acknowledgements

First, I would like to express my gratitude to my supervisor, Professor Dylan Dah-
Chuan Lu, for providing tremendous support and encouragement throughout these
years. I appreciate for his mentoring and cultivating for my research work and my
research habits that he told me no matter how we focus on current research work, it
is important to keep reading latest papers. His persistent interest in research inspire
me a lot. I convey my gratitude to my co-supervisor, Dr. Gang Lei, for his help and

advises during this research.

I am grateful for all my colleagues and teammates in Dylan’s Group. I feel so
lucky to met Tian Cheng and Kaixin Wei that we share lots of happiness together.
In particular, Tian Cheng is my colleague, my roommate and my friend. Moreover,

it is important to express my thanks to Yang He, who provides me lots of help.

I want to express my appreciation to my parents and my grandmother, who
give me endless love, help, and encouragement in my life. You always try to solve

difficulties before I know them. How lucky to be your child.

Finally, I want to dedicate my most sincere miss and thanks to my uncle,
Chengjin Yao, who passed away in 2018. During my study and growth, he has
always given me selfless help, love and unreserved support. He is a reliable and
heartwarming person, who respects his parents, loves his wife, and cares for younger
generations in our family. One of my biggest regrets in my life is that I don’t have
a chance to share all my happiness and sadness in my PhD journey with him. Dear

uncle, I hope you live happily in another world without suffering.

Qi Yao
Sydney, Australia, 2021.



List of Publications

Accepted Journal Papers

J-1.

J-2.

Q. Yao, D. D. -C. Lu and G. Lei, ”"Rapid Open-Circuit Voltage Measurement
Method for Lithium-ion Batteries Using One-cycle Bipolar-current Pulse,” in

IEEE Journal of Emerging and Selected Topics in Industrial Electronics, doi:
10.1109/JESTIE.2020.3041711.

Q. Yao, D. D. -C. Lu and G. Lei, ” Accurate Online Battery Impedance Mea-
surement Method with Low Output Ripples on Power Converters,” in Energies,

doi: https://doi.org/10.3390/en14041064

Accepted Conference Papers

C-1.

C-2.

Q. Yao, D. Lu and G. Lei, ”Battery Impedance Measurement Using Fast
Square Current Perturbation,” 2019 IEEE 4th International Future Energy
Electronics Conference (IFEEC), Singapore, 2019, pp. 1-5.

Q. Yao, D. D. Lu and G. Lei, A Simple Internal Resistance Estimation
Method Based on Open Circuit Voltage Test Under Different Temperature
Conditions,” 2018 IEEE International Power Electronics and Application Con-
ference and Exposition (PEAC), Shenzhen, 2018, pp. 1-4.

Under Process Journal Papers

J-3.

J-4.

Q. Yao, D. D. -C. Lu and G. Lei, "A Sensorless Temperature Estimation
Method For Lithium-ion Battery Using Recurrent Neural Network With Gated

Recurrent Unit”

Q. Yao, D. D. -C. Lu and G. Lei, ” An Empirical Comparison of Different
Recurrent Neural Networks for Battery State of Charge Estimation



Contents

Certificate ii
Dedication iii
Acknowledgments iv
List of Publications 4
List of Figures xi
List of Tables XV
Abbreviation xXvi
Abstract xviii
Introduction 1
1.1 Background . . . . . . ... 1
1.2 Introduction of Lithium-ion Batteries . . . . . . . .. ... ... ... 4
1.2.1  Working Principle . . . . . . .. . ... oo 4

1.2.2 Different Types of Lithium-ion Batteries . . . . . . ... . .. 5)

1.23 Models . . . . . .. 5
1.2.3.1 Equivalent electric circuit models . . . . . . . . . .. 6

1.2.3.2  Physics-based electrochemical models . . . . . . . .. 7

1.2.3.3 Data-driven models . . . . . . .. .. ... ... ... 9

1.3 Introduction of Battery Management of System . . . . . . .. ... .. 9
1.3.1 Signal Measurement . . . . . ... ... ... L. 10

1.3.2 States Estimation . . . . . . . . . . . ... 11



Vil

1.3.2.1 State of Charge (SOC) . . . .. ... ... ... ... 11

1.3.2.2  State of Health (SOH) . . ... ... ... ... ... 11

1.3.3 Balancing . . . . . .. ..o 12

1.4 Research Objectives . . . . . . . . . . .. ... ... 13
1.5 Thesis Organization . . . . . . .. .. .. ... ... ... 14

A Rapid OCV Measurement Method for Battery Mod-

elling 16
2.1 Imtroduction . . . . . . . .. 16
2.2 Related Works and Research Gap . . . . . . .. .. ... ... .... 17
2.3 Proposed Rapid OCV Measurement Method Using OCBCP . . . . . . 20
2.3.1 Physical Description of the Battery Model . . . . . . ... .. 22

2.3.2  Second-Order Relaxation Model Analysis . . . . . ... .. .. 24

2.3.3 Experimental Setup . . . . . .. ... 26
2.3.3.1 Experimental Platform . . . . . . ... ... ... .. 26

2.3.3.2 Battery Information . . . ... ... ... ... .. 27

2.3.3.3 Battery Relaxation Test . . . . . . . ... ... ... 27

2.3.4 OCBCP based OCV acceleration measurement method . . . . 28

2.3.4.1 Battery Relaxation Model Parameters Identification 30

2.3.4.2 OCBCP Acceleration Method . . . . . . . ... ... 33

2.3.4.3 Improved Current Pulses Considering Hysteresis

Voltage . . . . . . . .. . 36
2.4 Discussion of Results . . . . .. .. ... oo 38
2.4.1 Verifying the Experiment Procedure. . . . . . . . . ... ... 38

2.4.2 Validation Results . . . . . . . . . . ... 39



2.4.2.1 Validation Results at Incremental OCV Tests . . . .

2.4.2.2 Validation Results at Dynamic Conditions . . . . . .

2.5 SUMMATY . . . o o v o v e e

Battery Impedance Measurement Method

3.1 Introduction . . . . . . . . .

3.2 EIS Measurement Techniques . . . . . . . . .. .. ... ... .....

3.2.1

3.2.2

Single-Frequency Measurement . . . . . . . .. ... .. ...

Multi-Frequency Measurement . . . . . . . . . ... ... ...

3.3 Related Works and Research Gap . . . . . . ... ... ... .....

3.4 Review of Converter Normal Operation . . . .. .. ... ... ....

3.5 Review Converter-Based Duty-Cycle Perturbation Battery

Impedance Measurement Method . . . . . . . .. ... ... .. .. ..

3.6 Proposed Switched Resistor Circuit Perturbation Method for Output

Voltage Ripples Reduction . . . . .. .. ... .. ... ... .....

3.6.1

3.6.2

3.6.3

3.6.4

3.6.5

Principle of the SRC Perturbation Method . . . . . . . .. ..
SRC Parameter Selection . . . . . . . ... ... ... .....

Theoretical Verification of Output Voltage Ripple Reduction
in Proposed SRC Perturbation Method . . . . . . .. ... ..

Simulation Verification of Output Voltage Ripple Reduction
in Proposed SRC Perturbation Method . . . . . . . . ... ..

Experimental Verification of Output Voltage Ripples
Reduction in Proposed SRC Method . . . . . ... ... ...

3.7 Battery Impedance Measurement Validation . . . . . .. .. ... ...

3.7.1

Battery Multi-frequencies Impedance Calculation Algorithm .

viil



ix

3.7.2  Online Battery Impedance Test at 50% SOC, 1C Discharge
Current Rate . . . . . . ... ... ... ... ... 68
3.7.3 Online Battery Impedance Tests at Various Battery SOC . . . 71

3.7.4 Online Battery Impedance Tests at Various Discharge
Current Rate . . . . . . . .. .. ... 71

3.8 Summary . ... 72

Sensorless Battery Surface Temperature Estimation 73
4.1 Introduction . . . . . . . . . o 73
4.1.1 Related Works and Research Gap . . . . . . .. ... .. ... 74

4.2 Battery Temperature Distribution is a Time-Sequence Task

(Theoretical Analysis) . . . . . . . . ... ... . . 75

4.3 Proposed GRU-RNN Sensorless Battery Temperature Estimation

Method . . . . . . . . . 7
4.4 Experiment and Result Discussion . . . . . ... ... ... ... ... 80
4.4.1 Platform for Data Collection . . . . . . .. ... .. ... ... 80
4.4.2 Data Preparation and Experimental Procedure. . . . . . . . . 81
4.4.3 Experiment: GRU-RNN Model Training and Evaluation . . . 81
4.4.4 Experimental Result Discussion . . . . . . ... .. ... ... 84
4.5 SUMMATY .« . . o o v o e e 84

Recurrent neural network based online SOC estimation 87

5.1 Introduction . . . . . . . . . 87
5.1.1 Related Works for RNN-based SOC Estimation . . . .. . .. 88
5.2 Models . . . . . 90

5.2.1 Traditional RNN . . . . . . . . . ... 90



5.2.2 LSTM-RNN . . . . . .. 92

52.3 GRU-RNN. . . . . . 94

5.2.4 Bidirectional RNN . . . . ... ... oo 95

5.3 Experimental Setup . . . . . . ... ... 96
5.3.1 Experimental Platform . . . . .. .. ... ... ... ..... 96

5.3.2 Experimental Data . . . ... ... ... ... 97

5.3.3 Experimental Procedure . . . . ... . ... ... ... .... 98

5.4 Experimental Results and Discussion . . . . . . . .. ... ... .... 100
5.4.1 Different Numbers of The Hidden Nodes . . . . . . .. .. .. 100

5.4.2 Different Numbers of The Layers . . . . . ... .. ... ... 104

5.4.3 Different Numbers of Mini-Batch . . . . . ... .. ... ... 104

5.4.4 Result Discussion . . . . .. ... . ... 0L 104

5.5 SUMMATY . . . . . o 105
6 Conclusion 106
6.1 Conclusion . . . . . . . ... 106
6.2 Future Work . . . . . .. .o 108
Bibliography 110



1.1

1.2

1.3

1.4

1.5

1.6

1.7

2.1

2.2

2.3

2.4

2.5

2.6

List of Figures

Global greenhouse gas emissions [1] . . . . ... ... ... ... ... 2
EV sale data (x axis: year, y axis: sale number (million)) [2] . . . . . 3
Schematic of P2D model and SP model [3] . . . . .. ... ... ... 8
[lustration of data driven model procedure . . . . . . . . . ... ... 9
Key functions of the BMS . . . . ... .. .. ... ... ... .... 10

Energy and capacity loss of the lithium-ion batteries under imbalance 12

Battery balancing methods [4] . . . . . .. .. ... oL 13

Online SOC estimation process, problem of the conventional

incremental OCV test method and the contribution of this work. . . . 21

The second-order battery model. (a) The operation mode model
when the switch is on; (b) The relaxation model model when the

switchisoff. . . . . . ... 23
Battery experimental platform. . . . . ... ... ... ... 27

Terminal voltage during discharging by 12 mins under C/2 and
measured open circuit voltage after stopping discharge for different

times. (a) After 2 hour; (b) After 8 hour. . . . . . . ... ... .. .. 29
Polarization voltage variations with time. . . . . . . . . . .. ... .. 30

The relationship between current pulse amplitude and duration of

the polarization voltage zero-crossing point. . . . . . . . ... .. .. 31



2.7 The measured terminal voltage of battery by discharging 10% SOC
followed by the calculated one-cycle bipolar-current pulse (1C,880s). .

2.8 Comparison of the polarization voltage curves after the proposed
three sets of OCBCPs and the reference. (a) The measured voltage;

(b) The polarization voltage (measured voltage minus the OCV).

2.9 Comparisons of polarization voltage curves of INR-18650 battery
between the conventional incremental OCV method and the rapid

OCV method under different settings. . . . . . . ... ... ... ...

2.10 Comparisons of polarization voltage curves of NRC-18650 battery
between the conventional incremental OCV method and the rapid

OCV method under different settings. . . . . . . ... ... ... ...

2.11 Comparison of the conventional OCV performance (reaches to OCV
at 1800s) and rapid OCV method performance (reaches OCV at

1100s) after the same dynamic current profile . . . . ... ... ...

3.1 EIS acquired at healthy and weak batteries [5] . . . . . . .. ... ..

3.2 Tllustration diagrams for battery impedance measurement methods:
conventional duty-cycle perturbation method [6] (left), the proposed
SRC perturbation method (right) . . . . . ... ... ... ... ...

3.3 Small-signal model of boost converter operating in CCM

(Reproduced with permission from [7],IEEE, 2019) . . ... ... ..

3.4 (a) Step response of v, due to %==0.02 (b) Step response of v, 4.
due to vpe.=0.015. . . . ...

3.5 (a) Waveforms of converter under normal power delivery mode (no
perturbation) (b) Waveforms of the converter under impedance
measurement mode with duty-cycle perturbation (¢) Waveforms of
the converter under impedance measurement mode with the

proposed SRC perturbation method. . . . . . ... ... ... ....

xii

33

37



3.6

3.7

3.8

3.9

3.10

4.1

4.2

4.3

4.4

4.5

xiii
Experimental bench. . . . . .. ..o 65

The experimental waveforms of the proposed SRC perturbation

method. . . . . . . ... 65
Online battery impedance under 50% SOC, 1C discharge current rate. 68

Online battery impedance results (50Hz to 500Hz) under different
SOC values (a) under 1C, 20% SOC (b) under 1C, 30% SOC (c)
under 1C, 50% SOC. . . . . . . . . .. 69

Online battery impedance results (50Hz to 500Hz) under different
discharge current rates (a) under 0.5C, 50% SOC (b) under 1C, 50%
SOC (c¢) under 1.5C, 50% SOC. . . . . . .. .. ... ... ... ... 70

Conventional battery surface measurement method (left), which has
four sensors: voltage sensor, current sensor, battery surface
temperature sensor, and ambient temperature sensor; the proposed
sensorless surface temperature estimation method (right), which
only has three sensors: voltage sensor, current sensor, and ambient

temperature sensor . . . . . .. .. ..o 76

(a) Battery equivalent electric model. (b) Battery equivalent
thermal model. . . . . . ... oo 77

[lustration diagram of GRU-RNN principle: x is the input vector,
GRU is the GRU cell, h is the hidden state, and y is the output vector 78

(a) GRU cell structure. (b) Overall structure of the proposed
GRU-RNN model . . . . .. ... o 79

Experimental procedure for GRU-RNN model training and

temperature estimation. . . . . .. ... ... 80



4.6

5.1

5.2

5.3

5.4

2.5

Xiv

Temperature estimation with GRU-RNN under different different

loading profiles and temperature from: (a) US06 at —10°C; (b)

US06 at 25°C; (c) US06 at 50°C; (d) FUDS at —10°C; (d) FUDS at
25°C; (£) FUDS at 50°C .« © o o oo o 86

(a)Illustration diagram of RNN working principle; (b) Traditional

RNN cell. . . . ..o 91
LSTM cell structure . . . . . . .. ... ... 92
GRU cell structure . . . . . . . ... o 94
Internal structure of BIRNN . . . .. .. ... ... ... 96

FUDS drive cycle recorded at 45°C. The data are shown from the

top to bottom: current, terminal voltage and SOC. . . . ... .. .. 98



1.1

1.2

2.1

2.2

2.3

3.1

3.2

3.3

4.1

4.2

5.1

5.2

5.3

5.4

List of Tables

Several commercial EVs and employed lithium-ion batteries . . . . .

The list of different ECMs . . . . . . . . . . . . . .. ... ... ...

Specifications of the batteries in the experiment . . . . . .. .. . ..
Battery Identification Results (OCV from 3.662V to 3.619V) . . . . .

Relaxation Time Comparison . . . . . . . . . ... ... ... ....

Parameters of the theoretical analysis and simulation for ripple

analysis . . . ...
Battery perturbation signals and output voltage ripples comparison .

Main Specification of the Experimental Prototype . . . . . . . . . ..

Hyperparameter setting. . . . . . . . ... ... ... ...

Temperature estimation results with the proposed GRU-RNN and

Specifications of the batteries in the experiment . . . . . . . . . . ..
Comparison results using different numbers of hidden nodes . . . . .
Comparison results using different numbers of layers . . . . . . . . ..

Comparison results using different numbers of mini-batch . . . . . . .



Abbreviation

BMS - Battery Storage System

EV - Electric Vehicle

BMS - Battery Management System
SOC - State of Charge

SOH - State of Health

LMO - LiMnyOy4

NCM - LiCo,Ni,Mn,O,

NCA - LiNipgCoq.15Alg.0502

LFP - LiFePOy

ECM - Electric Circuit Model

RC - Resistor Capacitor

OCYV - Open Circuit Voltage

RNN - Recurrent Neural Network
Al - Artificial Intelligence

EIS - Electrochemical Impedance Spectroscopy
RMSE - Root Means Square Error
MAE - Mean Absolute Error

PDE - Partial Differential Equations
P2D - Pseudo-Two-Dimensional
SPM - Single Particle Model
OCBCP - One Cycle Biopolar Curennt Pulse
SRC - Switched Resistor Circuit

ESR - Equivalent Series Resistance



DC - Direct Current

AC - Alternating Current

DAQ - Data Acquisition

DTF - Discrete-time Fourier transform
PWM -Pulse Width Modulation
CCM -Continuous Conduction Mode
FNN - Feedforward Neural Network
AHC - Ampere Hour Counting

DD - Data Driven

MB - Model-Based

LSTM - Long Short-Term Memory

GRU - Gated Recurrent Unit

BiRNN - Bidirectional Recurrent Neural Network
LSTM-RNN - Long Short-Term Memory Recurrent Neural Network

GRU-RNN - Gated Recurrent Unit Recurrent Neural Network

xvil

BiLSTM-RNN - Bidirectional Long Short-Term Memory Recurrent Neural Network



ABSTRACT

Measurement, Modelling and State Estimation Techniques for

Lithium-ion batteries

by
Qi Yao

Lithium-ion batteries have been widely adopted in energy storage systems for
electric vehicles (EVs), electric portable devices, smart grid, and renewable energy
systems because of their high energy density, long lifetime, and low self-release
rate. When lithium-ion batteries are used in real applications such as EVs, they
normally work with power converters, which can deliver power from the batteries to
the load and regulate the system output voltage. However, Lithium-ions batteries
also have a critical safety concern. As chemical products, the battery states such
as state of charge (SOC) cannot be directly measured by sensors; the only directly
measurable signals of lithium-ion batteries during battery operation are terminal
voltage, operational current and temperature. Some models have been established
to calculate information of the battery states using measured signals. However, the
inherent chemical characteristics of lithium-ion batteries mean that it is difficult
to achieve a highly accurate online battery state monitoring or estimation. When
the battery state is estimated inaccurately, it will waste the available capacities,
reduce battery lifetime, and could even lead to fire or explosion. To avoid these
issues, lithium-ion batteries should be well-monitored and managed by a battery

management system (BMS).

This thesis focuses on improving the efficiency, reliability and estimation accu-
racy for the BMS of lithium-ion batteries from signals measurement, battery mod-
elling and state estimation perspectives. First, this thesis develops an improved

battery modelling techniques by proposing a rapid and accurate open circuit volt-



age (OCV) measurement method. Second, this thesis develops practical battery
impedance measurement techniques, which can be used for offline battery modelling
and online states monitoring. Third, a sensorless battery surface temperature esti-
mation has been proposed to improve the reliability and reduce the cost of the BMS.
Fourth, as artificial intelligence (AI) technology has developed, more recurrent neu-
ral network (RNN) based battery SOC estimation methods have been proposed.
This thesis comprehensively evaluates previous methods from theoretical and ex-
perimental perspectives and proposes a RNN model with suitable hyper-parameter

setting for online SOC estimation with high accuracy and low computational burden.



Chapter 1

Introduction

1.1 Background

Since the start of the industrial revolution, the greenhouse gas emissions, pri-
marily from the combustion of the fossil energy, have dramatically increased. In
order to solve the greenhouse effect and pollution crisis, around 200 countries have
signed the Paris Climate Agreement, which set created an ambitious global plan to
fight with the temperature rise and climate change. The United States, China, and
the European Union, which are the three largest emitters of the greenhouse gases,
have set their goals for achieving net zero emissions by the middle of the century [§].
Global greenhouse gas emissions can be categorised by human activities [1], which

are from electricity, heat, and transportation, as shown in Figure 1.1.

As shown in Figure 1.1, 25% of the greenhouse gas emissions are generated by
electricity /heat production due to the coal or oil. These emissions can be dramat-
ically reduced with the development of renewable and clean energy such as solar
and wind. Transportation is responsible for 14% of greenhouse gas emissions from
traditional internal combustion engine based vehicles. Facing the transportation
emission challenge, electric vehicles (EVs) can be a potential solution. To solve
these two problems, renewable energy and EV are being developed with the effort
from governments, industry and academia. Australia is a world leader in renewable
energy sources, based on the fact that renewable energy accounted for 24% of Aus-
tralia’s total electricity generation in 2019 [9]. One important point that should be

noted is that solar energy accounts for more than 30% of clean energy. Since solar
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Figure 1.1 : Global greenhouse gas emissions [1]

is not a stable energy source, it cannot provide electricity without sunlight. There-
fore, a battery storage system (BSS), which can store and deliver energy based on
the requirements of the customers, plays an important role in the renewable energy
field [2]. EVs have attracted increasing attention from customers and researchers,
and the market for EVs is promising based on the fact that the sales of EVs climbed
2.1 million globally in 2019, exceeding those in 2018 to boost stock to 7.2 million [2],
as shown in Figure 1.2. There is no doubt that the BSS is one of the most important
components of EV. With the rapid growth in EV over the past decades, there are
huge improvements in BSS both in the performance of batteries and the functions

of battery management system (BMS).

Compared with other types of batteries such as lead acid batteries, nickel-metal
hydride batteries, and nick-cadmium batteries [10], lithium-ion batteries have higher

energy density, and higher power density. Therefore, lithium-ion batteries are widely
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Figure 1.2 : EV sale data (x axis: year, y axis: sale number (million)) [2]

used in energy storage systems including electric vehicles, portable devices, and
energy storage devices in micro-grid or renewable energy systems. Currently, most
electric vehicles use lithium-ion batteries as their power source [11]. In addition,
more than 90% of large-scale energy storage systems adopted lithium-ion batteries

by the end of the 2017 [12].

In parallel with development of lithium-ion batteries, the performance of the
BMS is also an important factor enabling these batteries to be widely adopted,

because BMS ensure the safe, reliable and efficient battery pack operation.

The main technical obstacles restricting the application of lithium-ion batteries
can be seen in the following three aspects: (1) the lithium-ion battery system is
highly nonlinear and it is difficult to accurately model. (2) the inner states of the

battery cannot be directly measured by physical sensors and the states are easily



influenced by external environment such as temperature. As the size of the BSS
increases, it is even more difficult to accurately estimate the internal states. (3) the
inconsistencies of the battery cells influence the efficiency of the pack, which increases
the risk of the battery pack. Some safety measures are effective on small battery
systems but ineffective on large-scale BSSs such as electric vehicles. Therefore, the

BMS should be improved to solve the problems above[4,5].

In this chapter, lithium-ion batteries are introduced and reviewed from chemical
materials, characteristics, and equivalent models, respectively. The BMS is reviewed

from signal measurement, states estimation, and balancing methods perspectives.

1.2 Introduction of Lithium-ion Batteries

As one of the most important components of the present storage system, lithium-
ion batteries have attracted much research interest. This section provides an intro-
duction to the working principle, major types, and equivalent models of lithium-ion

batteries.

1.2.1 Working Principle

The cylindric lithium-ion batteries consist of positive/negative electrodes, sep-
arators, and current collectors. The active materials in the positive and negative
electrodes are porous, which allow the lithium ions to intercalate or deintercalate.
Normally, in the positive electrode (anode), the active material consists of one or
more metal oxides, and the negative electrode (cathode) contains graphite. Dur-
ing discharging, the lithium ions flow from the positive electrode to the negative
electrode through the electrolyte and separator. Charging reverses the direction of
discharge, and lithium ions flow from the negative electrode to the positive elec-

trode [13].

During continuous charging or discharging, lithium ion diffusion occurs, and this



will result in the concentration gradient of the battery. The concentration gradient
is the root for the energy storage of a battery because the free energy of lithium ions
is higher in the negative electrode as compared with the the positive electrode [14].
For any given material in the electrode, the free energy is decided by its electric
potential [14]. The difference of the electric potentials between two electrodes is the
terminal voltage. Once the battery is fully relaxed after charging or discharging, the
terminal voltage is referred to the open circuit voltage, which has a correlation with

the state of charge of the battery.

1.2.2 Different Types of Lithium-ion Batteries

The main differences among the types of lithium-ion batteries are the mate-
rial of the positive electrode. Although the overall operational voltage of these
batteries is 1.5-4.2V, the different materials determine that their operational volt-
age range are slightly different. For example, the operational voltage range of
graphite/LiMn,O,4 (C/LMO) batteries, graphite/LiCo,Ni,Mn,Os( C/NCM) batter-
ies, and graphite/LiNipgCog 15Alp.0502 (C/NCA) batteries are 2.5-4.2V. The opera-
tional voltage range of graphite/LiFePO, (C/LFP) batteries is 2.0-3.7V. Moreover,
different electrode materials have their advantages and disadvantages. For example,
NCA has higher power and energy density but also have a higher risk. LFP has
a lower energy density and lower nominal voltage but is safer. Different types of
lithium-ion batteries are adopted in commercial EVs. Some of the current commer-

cial EVs and the batteries they use are listed in Table 1.1.

1.2.3 Models

Since the lithium-ion batteries are chemical products which have some inner
states that cannot be directly measured by physical sensors, it is important to build
an accurate model using available signals to estimate the inner states so as to ensure

a safe and efficient operation. The battery models presented in chapter mainly cat-



Table 1.1 : Several commercial EVs and employed lithium-ion batteries

EV Brand Battery Company Positive Electrode Negative Electrode

Tesla Roadster Panasonic NCA Graphite
BYD E6 BYD LFP Graphite
Nissan Leaf EV Nissian LMO Graphite
BWM iX3 CATL NCM Graphite

egorised into the following three types: the electrical equivalent circuit models [15],
the physics-based electrochemical models [16], and the data-driven models establish

by artificial intelligence algorithms [17].

1.2.3.1 Equivalent electric circuit models

Equivalent electric circuit models (ECMs) normally consist of a voltage source
corresponding to SOC, a resistor representing the instantaneous polarization effect,
one or more resistor-capacitor (RC) pair(s) which can be used to describe the non-
instantaneous polarization effect of the battery [18-20]. These electric components
can be combined into different structures, which can be summarized as three com-

mon models: Rint model, Thevenin model, and Partnership for a New Generation

of Vehicles (PNGV) model, as shown in Table 1.2.

From Table 1.2, it can be observed that these three ECMs have an inner ex-
panding relationship. Compared with the Rint model, the Thevenin model can
capture the dynamic or non-instantaneous characteristics of the battery due to the
RC pair [21]. Moreover, the PNGV model has an original Thevenin model and a
bulk capacitor, which is used to describe the OCV variation by accumulating the
discharge current [20]. The accuracy of the ECMs can be further improved from

different perspectives. For example, a physical ECM is proposed by having the War-



Explanation

Rint Model [15]; Vi = OCV — I - Ropmic; Ronmic 1S the
ohmic resistor, OCV is the open circuit voltage (OCV),

Vr is the terminal voltage, I is the operational current

Thevenin Model [19]; Vp = OCV =V, — I - Ropmic; Ry
and C,, are used to represent the polarization effect, V),
is the voltage across the RC pair. The first order RC
model is the simplest structure with a light computation
burden, more RC pairs can be added to achieve a high

modelling accuracy.
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PNGV model [20]; Vr = OCV — Vo — V), — I - Ropmic;
Ceqp 1s the bulk capacitance, V), is the voltage across

bulk capacitor

Table 1.2 : The list of different ECMs

bug element, which can be obtained by Electrochemical Impedance Spectroscopy

(EIS) measurement [22-24]. Normally, the EIS is measured offline by commercial

equipment. Currently, there are some studies that proposed several online battery

impedance measurement methods [25, 26].

1.2.3.2 Physics-based electrochemical models

Physics-based electrochemical models are the most accurate because they can

clearly explain batteries’ key behaviours at the microscopic level, based on the re-

actions of the battery. These type of models are developed through a series of



physical laws: Ohm’s law, Farady’s law, Fick’s law of diffusion, and the Butler-
Volmer equation [16]. The physics-based electrochemical models normally consist
of a group of nonlinear Partial Differential Equations (PDEs). Although this type
of models are accurate from the modelling perspective, it is hard to directly apply
physics-based electrochemical models for real applications such as EVs due to its
heavy computation burden [27]. Therefore, some studies have focused on how to
simplify the physics-based electrochemical models. Two typical example models are
introduced below: the pseudo-two-Dimensional (P2D) model and the Single Particle

(SP) Model, as shown in Figure 1.3.

A
\ 4

PN 00 _ S
I ‘ Separator Q Q 3
P2D Model o and | QQ o
g ‘ Electrolyte Q Q g
S Cathode S
SP Model e @ e
0 X

Figure 1.3 : Schematic of P2D model and SP model [3]

Doyle et al. proposed the P2D model for lithium-ion batteries [28]. The SP
model, which is simplified form of the P2D model, is the most mature simplified
model of the physics-based electrochemical models [3]. A P2D model is more ap-

propriate to analyse the mechanism of the lithium-ion battery, while SP model is



more suitable for battery online SOC estimation [29].

1.2.3.3 Data-driven models

As computational ability and available battery operational data increases , it is
possible to build purely data-driven battery models, which can automatically find
the relationship among the variables of lithium-ion batteries without knowing the
chemical characteristics of the batteries [27]. The process of building a battery model
by the data-driven method is given in Figure 1.4. First, the real-time operational
battery data (terminal voltage, current and temperature, etc) should be collected.
Second, the collected data are trained with a proper algorithm, such as neural net-
work [17], support vector machine [17], and extreme learning machine [30]. Finally,
the battery terminal voltage can be estimated by using current and temperature.
Data-driven models can achieve a high estimation accuracy theoretically. However,

the models are easily influenced by training datasets.

Data Collection
Current (1)
VB :(> Model Training :(> Data Driven Model
Temperature (T)

soc v
etc Vv

Figure 1.4 : Tllustration of data driven model procedure

1.3 Introduction of Battery Management of System

The first BMS was built for online state monitoring of lead-acid batteries in 1991
[31]. This BMS only has very limited functions which are battery data acquisition
and a brief SOC online estimation [10]. The BMS has achieved a great improvement
as it now be embedded with battery models, observers, algorithms to achieve a high-

precision battery states estimation. Moreover, the present BMS is a multi-function
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system which has a data acquisition function, a states estimation function, a battery

balancing function and a safety protection function, as shown in Figure 1.5.

1. Normal
2. Abnormal

1. Passive
2. Active

1. Charge
2. Discharge
3. Stop

1. S0OC
2. SOH
etc
1. Voltage
2. Current
3. Temperature
etc

Figure 1.5 : Key functions of the BMS

1.3.1 Signal Measurement

The battery signal measurement is the fundamental step of the BMS [32]. Typi-
cally, three important battery signals can be directly measured by sensors: voltage,
current, and temperature. Moreover, the battery EIS is also an important signal
that should be measured since it is a useful indicator for further battery states es-
timation [25,32]. The EIS is calculated based on the measured voltage and current

rather than direct measurement.
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1.3.2 States Estimation

To guarantee a safe and efficient battery operation, it is important for the BMS

to monitor the battery states [32,33].

1.3.2.1 State of Charge (SOC)

SOC, which is the ratio of the remaining to the full-charged capacity of the
battery, can indicate how long the battery will last. The SOC cannot be directly
measured by physical sensors but needs to be estimated based on measurable current,
voltage and temperature signals of the battery. Accurate SOC estimation can help
users to make the correct decision on when to charge the battery. Moreover, SOC is
used with the control function of the BMS to avoid overcharge or over-discharge to
guarantee a safe operation. Many methods have been proposed for SOC estimation,
and they can be categorised into four groups: coulomb counting method, open-circuit

voltage method, model-based method, and data-driven method.

1.3.2.2 State of Health (SOH)

SOH, which describes the battery heath condition, is defined as the ratio of the
present battery maximum capacity to the nominal maximum capacity, which is pro-
vided by the manufacturer. It is common knowledge that battery performance will
degrade over repeated charging/discharging cycles. Normally, a battery is regarded
as a fail battery when the SOH is less than 80%. The SOH can be estimated by

battery parameters, such as battery impedance.

Accurate SOH estimation is vital for a safe operation. It can be estimated offline
easily since the battery can be fully charged and discharge to check its present max-
imum capacity. It is necessary to estimate SOH online based on useful parameters.

However, it is hard to measure battery impedance online.
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1.3.3 Balancing

Because of the low voltage range and power of lithium-ion battery cells, they can
normally be connected in series and parallel to form into a battery pack to reach the
required voltage and power requirement [34]. However, it is a common issue that
cells have intrinsic and extrinsic differences resulting in cell imbalance. A common

imbalance is SOC difference between cells.

Battery imbalance brings many problems such as energy loss, reduced battery
life-time and even safety risks. For example, the discharge operation will be stopped
once the cell with the lowest SOC reaches the cut-off voltage and the charge opera-
tion will be stopped once the cell with the highest SOC reaches the cut-off current,
as shown in Figure 1.6. Otherwise, there will be a safety issue if overcharge or

over-discharge happens.

Cut-off Cut-off
of discharge of charge
A1

30%
8%

Figure 1.6 : Energy and capacity loss of the lithium-ion batteries under imbalance

To solve the unbalanced cells issue, various methods or topologies have been
proposed [4]. These methods can be categorised into three groups, as shown in
Figure 1.7. The first method is to release the redundant energy of the cell using
passive components. The second method is to transfer the energy from high SOC
cells to low SOC cells using active components. The third method is to use the cell-
converter module to separately control charging/discharging current of every cell so

that the SOC can finally achieve balance.



13

[ Battery Balancing |
L Methods

Energy Release Energy Transfer Individual Control

BZJ_TI_ pe/oc
B1 B2 B3 — 1 Converter
1 1l Il
IV .
B1 =
R1 s1 R2 52 R3 $3
=l

DE/oC

—PI— Converter [~
<

Passive Balancing Active Balancing Active Balancing

Figure 1.7 : Battery balancing methods [4]

1.4 Research Objectives

This thesis aims to develop an efficient, accurate, and robust online battery
signals (states) estimation and monitoring system which uses fewer physical sensors
and simpler measurement strategies to estimate the important battery information
to guarantee a safe and reliable battery operation. The main research objectives of

this thesis are given as follows:

i. Propose an OCV measurement method to reduce the SOC-OCV measurement

time for achieving a high efficient offline parameter identification measurement.

ii. Propose an easily-implemented online battery impedance measurement method

to the BMS.

iii. Propose a sensorless battery surface temperature estimation method to reduce

the cost and increase the reliability of the BMS.

iv. Propose an optimal machine learning model for online battery SOC estimation.



14

1.5 Thesis Organization

An introduction to the battery storage system, including the lithium-ion battery
and the BMS are given in the previous sections. According to the overview, there is
space to improve the efficiency and reliability of the battery storage system from the
measurement, modelling, and states estimation perspectives. This thesis is organised

as follows:

e Chapter 2: This chapter presents a simple and effective rapid OCV measure-
ment method based on the equivalent electric circuit relaxation model. First,
two conventional OCV measurement methods and previous fast OCV measure-
ment methods are reviewed. Second, by analyzing the relaxation model, a rela-
tionship between the current passing through the battery and its polarization
voltage is observed. Third, by applying a proper one-cycle biopolar-current
pulse (OCBCP) to the battery, the relaxation time for OCV measurement is
largely reduced. Fourthly, this chapter shows that the proposed method shows

a potential in online initial OCV correction for the online SOC estimation.

e Chapter 3: This chapter presents the switched resistor circuit (SRC) based
online battery EIS measurement method. First, the principle and usage of
the EIS, the conventional offline EIS measurement method, and previous on-
line EIS measurement methods are reviewed. Second, by proving the previous
converter-based duty-cycle perturbation method has a critical large output
ripples issue, a SRC based perturbation method with reduced output voltage
ripples is proposed and elaborated. The experimental impedance results ob-
tained by the proposed method correspond with a high-accuracy laboratory

battery impedance analyzer.

e Chapter 4: This chapter proposes a sensorless temperature estimation method

for lithium-ion batteries using a recurrent neural network (RNN) with a gated
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recurrent unit (GRU). The conventional surface temperature measurement
methods and previous sensorless surface temperature estimation methods are
reviewed. Compared with previous methods, the proposed method exploits
information of the past battery surface temperature and measurements and

yields better estimation accuracy.

Chapter 5. First, a detailed theoretical analysis of different recurrent neu-
ral network models are elaborated. Second, a systematic experiment-based
evaluation across a typical driving profile is applied to these advanced RNNs.
Third, an optimal RNN model is proposed and this can achieve a high SOC

estimation accuracy and light computation burden.

Chapter 6: A brief summary of the thesis contents and its contributions are
given in the final chapter. Recommendations for future research are given in

addition.
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Chapter 2

A Rapid OCV Measurement Method for Battery
Modelling

2.1 Introduction

Lithium batteries have been used extensively in renewable energy systems, smart
grid and electric vehicles because of their high energy density, long lifetime, and low
self-release rate [35]. Overcharge or over-discharge of lithium-ion batteries may cause

serious safety issues.

Based on the introduction of the chapter 1, it is known that the lithium-ion
batteries are necessary to be well managed by the BMS to guarantee a safe operation
[23,36,37]. One of the most important features needed to be monitored is the state of
charge (SOC), which is an indicator of the available energy in the battery. However,
SOC can only be estimated instead of directly measured by sensors [11,23]. A lookup
table between the battery open-circuit voltage (OCV) and SOC has been widely
adopted for online SOC estimation. However, it is time-consuming to obtain an
accurate SOC-OCV correlation since the battery requires several hours to reach an
inner-equilibrium state. In order to improve the SOC-OCV measurement efficiency,

an rapid OCV measurement method will be introduced in this chapter.

Various methods have been proposed to estimate SOC including ampere-hour
counting, model-based open circuit voltage (OCV) methods and machine learning
method [36,38-44,44-47]. Ampere-hour counting is an efficient method for SOC
calculation. However, it suffers from accumulating error from the current sensor

during the battery operation [43]. Data driven method requires large amount of
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offline training data to build a model otherwise it is hard to guarantee an accurate
online estimation result [27]. Therefore, the model-based OCV method has been
widely adopted due to its high accuracy and simplicity [36,38,39,42,43,45]. Model-
based OCV method utilizes an equivalent electric circuit model to calculate OCV
combined with measured signals and refers to a SOC-OCV look-up table to estimate
SOC [11,42]. Since the online SOC estimation precision depends on the accuracy
of the equivalent battery model and online measurement signals. Therefore, differ-
ent closed-loop algorithms have been proposed to improve the estimation precision
such as proportional integral [42,48], extended Kalman filter [36,39,45], unscented
Kalman filter [49], particle filter [50], and H-infinity filter [51]. Figure. 2.1 shows a

common online SOC estimation procedure for the model-based OCV method.

2.2 Related Works and Research Gap

For model-based methods, an accurate SOC-OCV correlation is fundamental to
ensure an accurate SOC estimation [11]. Normally, there are two methods to ob-
tain SOC-OCV correlation: low-current OCV test and the incremental OCV
test [11,52]. The low-current method uses a very small current (e.g., C/20, C/25) to
discharge or charge the battery so the related terminal voltage can be approximately
assumed as OCV because the concentration polarization induced by the small cur-
rent rates is small. The incremental OCV method uses a current pulse (e.g., 5%
SOC, 10% SOC) to discharge/charge the battery followed by a long rest period
after that the OCV with the corresponding SOC can be measured. This step is
repeated until the battery is fully discharged/discharged. Finally, extra data points
for the OCV curve can be obtained within the SOC intervals using the interpolation

method.

Although these two methods are both correct theoretically and commonly adopted,

the measured SOC-OCV curves obtained by these two methods have slight differ-
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ences. As the basis of the model-based online SOC estimation, the inaccurate SOC-
OCV relationship will have influence on online SOC estimation accuracy. Therefore,
several works have comprehensively evaluated these two SOC-OCV test methods un-
der various operational conditions [11,52]. All these experimental results show that
the SOC-OCV correlation measured by the incremental OCV method can have a

higher online SOC estimation accuracy and estimation robustness [11,52].

However, both of these two methods need twenty to thirty hours to get one group
of SOC-OCYV correlation data under a standard condition (new battery, 25°C). More-
over, since the battery SOC-OCV correlation is related to aging and temperature, it
will require hundreds of hours to get a full picture of SOC-OCV relationships [53].
It is important to explore how to improve the measurement efficiency and shorten

the measurement time without losing the accuracy.

There are some methods proposed to directly reduce the OCV measurement
time or predict the equilibrium state OCV based on the measured voltage after a
short relaxation time [35,54-58]. To predict the OCV, a physical-based OCV model
has been developed [55]. It tests OCV characteristics on an electrode level so it is
accurate but this method is complex. In addition, the physical or electro-chemical
based models usually have a heavy computational burden [57]. Some prediction-
based methods use mathematical functions to perform curve fitting of the polariza-
tion voltage during the relaxation time from which related relaxation models can
be obtained [54]. Because the parameters of relaxation function are not constant
with the increase of relaxation time, Pei [35] updated this model with time varying
parameters. Considering that mathematical model may be efficiently challenging
for embedded implementation, Li et al. [56] proposed a mathematical and electrical
combined model to predict the OCV. The key idea of aforementioned methods are to
predict the equilibrium state OCV based on measured data and relaxation models.

Thus, the prediction highly relies on the model accuracy. To improve the prediction
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accuracy, Meng et al. [57] used a correction window to generate a feedback signal to
adjust the prediction result. Yang et al. [58] proposed a method to actively reduce

the polarization voltage by applying two sets of current.

There are several limitations to the method proposed in [58]. Firstly, there is a
lack of discussion about how to eliminate the hysteresis voltage induced by the extra
current pulses, especially a huge SOC loop (20%) is induced by the proposed current
pulses in this work [58]. Secondly, the proposed experimental time for reducing
polarization voltage in some scenarios is very long. For example, the proposed
experimental time at 20% SOC is around 3200 seconds (or 53.3 minutes) during the
discharge test. Thirdly, this method needs extra experiments to obtain parameters
such as time constants and initial polarization voltage to calculate related amplitude
and duration every time. Hence it cannot be implemented online in a short-time to

re-correct the OCV due to its heavy computational burden.

To overcome these problems, this chapter proposes a simple and effective rapid
OCV measurement method based on the equivalent electric circuit relaxation model.
Firstly, by analyzing the relaxation model, there is a relationship between the current
passing through the battery and its polarization voltage. Secondly, by observing
this relationship and applying a proper one-cycle biopolar-current pulse (OCBCP)
to the battery, it can reduce the relaxation time for OCV measurement. Thirdly,
the proper OCBCP is proposed based on a trade-off between current duration,
battery health, and the induced hysteresis voltage. Fourthly, this procedure shows
a potential application for future online OCV re-correction. To highlight, not only
does this chapter deduce an electric theoretical expression to accelerate the rate of
change of polarization voltage, but it also provides a clear testing guideline for users

without complex calculations.

The reminder of this chapter is organized as follows. The proposed rapid OCV
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measurement method using OCBPC is given in Section 2.3. Specifically, The charac-
teristics of the second-order equivalent electric circuit model are analyzed in Section
2.3.1 and Section 2.3.2. The experimental setup and the experimental data of the
relaxation test are detailed in Sections 2.3.3 and 2.3.4. The result discussion is given

in Section 2.4. Finally, the summary of the chapter is given in Section 2.5.

2.3 Proposed Rapid OCV Measurement Method Using OCBCP

As mentioned previously in [11], the incremental OCV measurement method
shows a more accurate SOC estimation result compared with the low current method.
In the incremental OCV test, the amplitude of current pulse is set to 0.5C, and the
current pulse width is decided by the required release capacity (e.g. 12 minutes for
10% SOC, 6 minutes for 5% SOC) then followed by a long rest period, as shown in

Figure 2.1.
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During the rest period, which can be called a relaxation process, the measured
open terminal voltage is not equal to the equilibrium state OCV because of the
overpotential, which is generated by the previous discharge or charge process. To
measure the full SOC range of OCV, the battery needs to be idled for relaxation
after each current pulse. There are different relaxation times proposed in [11,57],
but the minimum duration required is 1.5 hours. Typically, the second-order battery
model is used to describe the battery’s dynamic status for online estimation. In this
chapter, the second-order battery model is proposed to mimic the battery relaxation

behavior, as shown in Figure 2.2.

2.3.1 Physical Description of the Battery Model

The first part of this model is called OCV, which indicates the difference between
the electrode potentials when the battery is in equilibrium. The second component
is Ronmic (ohmic resistance) that can represent the electrolyte and connection resis-
tance, which will induce an immediate voltage change once the current is stopped.
The third component is Zygjarization (POlarization impedance), which can be further
divided into two parts: Z,; (charge transfer) which is caused by charge transfer
reactions on the surface of the electrode, and Z,, (diffusion) which is caused by

concentration polarization.

As shown in Figure 2.2, there are two working conditions of the battery, namely,
operation mode and relaxation mode. In operation mode, there is a current flowing
through the battery. Therefore, the terminal voltage is not equal to OCV due to the
battery impedance, and their relationships during the operation model is discussed

in (2.1).

VT = 0OCV — ‘/p,1 - ‘/;;,2 - IRohmic (21)

where Vr is the terminal voltage of the battery, I is the current flowing through
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Figure 2.2 : The second-order battery model. (a) The operation mode model when

the switch is on; (b) The relaxation model model when the switch is off.
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the battery, V,; is the polarization voltage across the first RC pair, V2 is the

polarization voltage across the second RC pair.

From Figure 2.2 and (2.1), it can be known that the voltage induced by the
ohmic resistor will suddenly drop to zero once the current is cut off. However,
the voltage across RC pairs cannot disappear immediately. Therefore, the battery
enters into relaxation mode, in which the energy stored in capacitors will release
to resistors until they are fully exhausted. For an RC pair, the voltage response
converges to steady state in about four to five time constants (t=47, 7=RC) [22].
Hence, the relationship between the open circuit voltage and the terminal voltage

in the relaxation mode can be expressed as (2.2).

OCV =V, 1(t) = V,a(t), 0<t<Ty
Vr(t) = 4 OCV — V,,(t), Ty <t < Ty(t) (2.2)
OCV, T <t
where T} is the time when the energy of the first RC pair has released, and 75 is the

time when the energy of the second RC pair has released.

2.3.2 Second-Order Relaxation Model Analysis

The conventional state-space equation of the battery model, which has been
widely used in model-based OCV methods for online SOC estimation [11], is ex-

pressed as follows.

Vpr _ I()  Vpa(t)
dt Cot  CpiRp:

dVpr _ I(t)  Vuo(?)
dt Cp72 CpQRpVQ

(2.3)

Since the research goal of this chapter is to eliminate the polarization voltage
instead of SOC estimation, (2.3) is rewritten from the polarization perspective to

(2.4) and (2.5) for better analysis as follows.
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Cp,2 to

where V), 1(t9) and V), »(¢y) are the initial polarization voltages across two RC pairs,
V,1(t) and V,5(t) are the polarization voltages after time ¢, and I(t) is the cur-
rent flowing through the battery. To be directly used in micro-controllers for bat-
tery management systems, this continuous-time model needed to be converted into
discrete-time ordinary difference equations, which assumes that the battery inputs
and outputs are measured or sampled at a regular rate with period At seconds. To
convert (2.4) and (2.5) to the discrete format, the first step is setting tg = kAt
and t = (k + 1)At, then assuming the current flowing through the battery is con-
stant over the sampling time At [22]. Finally, the discrete-time ordinary difference

equations can be described as

__ At At

Voalk +1] = V1 [kle a1 + (1 — (e Rp,lcp,l) Ik R, (2.6)
— At ___ At

Voolk + 1] = V,alkle 22 + (1 — (e Rp,ch,l) Ik R, (2.7)

where I[k] is the current flowing through the battery, V,1[k] and V},»[k| are the

voltage across the RC pairs.

When the current is cut off (i[k] = 0), the battery enters into the relaxation
mode. The polarization voltage relaxation rate in the conventional relaxation mode

has been set as the reference equations, which can be written as

At

Voalk + 1] = V1 [kle Tant 2.8)
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At

Vypolk + 1] = Valkle a2 (2.9)

By observing (2.8) and (2.9), it can be found that in the relaxation mode, the
polarization voltage at k is only decided by the time constant of the polarization
pairs (7, = R,C,) and the beginning polarization voltage (V, k], k=0). For a battery,
which is under a standard incremental OCV-SOC test, the 7, and V,[0] are stable
when the battery enters into the relaxation mode. Therefore, for incremental OCV
tests, the relaxation speed is an unchangeable value. It needs at least several hours

to let the polarization voltage decreasing to zero, as discussed in (2.2).

However, (2.6) and (2.7) indicate that an extra current flowing through the
battery at time k& can influence the polarization voltage at next sampling time &+ 1.
Based on the discussion above a current compensation based acceleration method

is presented below.

2.3.3 Experimental Setup

There are two key experiments, namely, battery relaxation test and verification
test. The first experiment aims to explore the relationship between polarization volt-
age and relaxation time. The second experiment, which is to verify the effectiveness
and accuracy of the proposed fast OCV measurement method, will be elaborated in

Section 2.4.

2.3.3.1 Experimental Platform

The experimental platform consists of a battery tester (ZKETECH) and a PC
with ZKETECH software, which can command the tester and monitor signals (cur-
rent and terminal voltage) of the cells. An NI 6009 data logger is used to provide

another measurement of the terminal voltage for cross-checking, as shown in Figure

2.3.
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Figure 2.3 : Battery experimental platform.

Table 2.1 : Specifications of the batteries in the experiment

Sample Type Material Battery Voltage (V) Capacity (Ah)

NCR18650 NCA 2.5-4.2 3.35

INR18650 NCM 2.5-4.2 2.5

2.3.3.2 Battery Information

Commercial lithium-ion 18650 cells are used in the experiments. Specifications

of the tested battery cells are given in Table 2.1.

2.3.3.3 Battery Relaxation Test

To understand the characteristics of relaxation behaviors, experiments are con-
ducted by applying one discharge current pulse (C/2, 12 minutes, 10% SOC) to a

new battery cell and measuring its terminal voltage. Then, the battery is allowed to
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rest for eight hours and recording its open terminal voltage in the room temperature
(25°C). For the sake of precision, there are three identical batteries to be tested by
this experimental procedure. To exclude aging issues, all batteries are new, and the
capacity has been verified before the test. Tests start from fully relaxed batteries
(the open circuit voltage is 3.662 V). Figure 2.4 shows how terminal voltage changes
when the battery is discharged at C/2 current and how the measured OCV changes

with time after current stopping.

In the early stage of the relaxation (within 4000 s), the measured OCV rises
fast. As the relaxation time increases, the rate of voltage rise slows down. As
shown in Figure 2.4(a), the voltage increases from 3.582 V to 3.618 V in the first
relaxation hour, and the voltage keeps at 3.618 V in next relaxation hour. As Figure
2.4(b) shows, the measured OCV only increases 1 mV after 6 hours. Therefore, the
voltage value after two relaxation hours is regarded as the fully relaxed voltage. For
model identification, the two hours measured voltage data after stopping discharge
is adopted to build the battery relaxation model and investigate the relaxation

characteristic of the battery.

2.3.4 OCBCP based OCV acceleration measurement method

The mathematical algorithm can be used to reduce the measurement waiting
time [35, 54,56, 57]. However, these algorithms use the historical data to predict
OCYV instead of reducing the polarization voltage across the RC pair to obtain a
true OCV. Moreover, the second-order model, which has been widely adopted for
online battery computation [36], is rarely used to investigate the offline relaxation
behavior from an electrical view. By using the least-squares algorithm to analyse the
measured data, a second-order relaxation model can be built for polarization voltage
analysis. By considering the characteristics of the RC pairs in the equivalent circuit,

a second-order model based OCBCP acceleration method is proposed in this section.
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Figure 2.4 : Terminal voltage during discharging by 12 mins under C/2 and measured

open circuit voltage after stopping discharge for different times. (a) After 2 hour;

(b) After 8 hour.
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2.3.4.1 Battery Relaxation Model Parameters Identification
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Figure 2.5 : Polarization voltage variations with time.

Based on the discussion of the lithium-ion battery, the 2-hour relaxation data is

utilized to identify parameter vector 6 of the second-order battery model

0 = (‘/;7,17 ‘/;7,2) Cp,l) Rp,ly Cp727 R}LQ) (210)

Vi = OCV + Vya(to)e™ /™! + Vya(to)e ™™ (2.11)

The nonlinear least-square curve fitting definition is expressed in (2.12). And
the Levenberg-Marquard algorithm and Matlab curve fitting toolbox are adopted to

calculate the identification results, which are listed in Table 2.2.

mgin le(8)]|3 = mgin (e1(0)* + €e2(0)* + - - - + en(6)?) (2.12)
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To separately explain the characteristics of two RC pairs, two polarization volt-
ages (V,1 and V,2) during relaxation mode are simulated utilizing the estimated
parameters in Table 2.2. As shown in Figure 2.5, V,; reaches to around 0 mV at
300s. Therefore, the second period in (2.2) is the dominant part of the long idling
period because the diffusion process of the second RC pair (R, and C,2) is very
slow. In other words, the energy stored in this capacitor (C,2) needs a long time to
release to the resistor (R, ). Hence, actively releasing the energy stored in the C), 5

is a good choice to reduce the OCV measurement time.
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.
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Figure 2.6 : The relationship between current pulse amplitude and duration of the

polarization voltage zero-crossing point.



Table 2.2 : Battery Identification Results (OCV from 3.662V to 3.619V)

Data Source

Ronmic(2)  Rp1(Q2) Cha (F) Rp2(Q) Cpa (F) Resquare RMS modeling error (V)

Relaxation Test (2 hours data) 0.076 0.022  2674.5 0.0151 95695.4  0.9758 0.0006

(43
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2.3.4.2 OCBCP Acceleration Method

Injecting and extracting the same amount of capacity to/from the battery, the

available capacity of the battery remains the same, as explained by

tl t2
/ Lpdt + / Iyisdt = 0 (2.13)
0 t

1
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Figure 2.7 : The measured terminal voltage of battery by discharging 10% SOC

followed by the calculated one-cycle bipolar-current pulse (1C,880s).

where I, is the charge current flowing into the battery, ¢; is the time of this charge
current, Iy, is the discharge current flowing from the battery, and to-t; is the time
of this discharge current. The reminding capacity and SOC of the battery will not

change with this bipolar-current pulse, but a smaller polarization voltage can be

obtained.

The reason that a smaller polarization voltage can be obtained by adding OCBCP

is depicted as
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T
—|\V,(Ty)|e B»Cr, after discharge
Vo(T) = o) . (2.14)
+|V,(Ty)|e %, after charge

The top term of (2.14) refers to the polarization voltage after the discharge
process, the second term refers to the polarization voltage after the charger process.

The following equations have the same structure.

_ N N
—Va(To)le "% — Rp|I|(1 —e )

Vo(Th) = o n (2.15)
+Vol(To)e # + Ry[I|(1 —e Frcr)

T T
—Vp(Th)le ™% + Rp|I[(1 —e M)

VP(T2) = T Ty (2'16)
V(T e ™8 — Ry|1|(1 — ¢ )

Ty =Ty, =T)/2 (2.17)

where V,,(Tp) (V,, refers to V,,; or V, ») is the voltage of the RC pair at the beginning
of the relaxation process, I is the amplitude of the current pulse, V,(T) is the
polarization voltage after time T in the conventional relaxation condition, V,(7}) is
the polarization voltage after the first current pulse (1,7}), V,(7%) is the polarization
voltage after the second current pulse(-1,13), R, is the resistor value of the RC pair,

C), is the capacitor value of the RC' pair, T} and T3 are half of T".

Substituting (2.15) and (2.17) into (2.16), V,,2(1%) can be updated as

T T
—|Vp(To)le % + RplI|(1 —e 2% )?
Vp(Tp) = o o (2.18)
HVp(To)le " — Ry|I|(1—e 2R )?
V,(T5) has a negative value due to the previous discharge operation, but it will
have a positive value if the battery is charged. Since the principle and calculation

steps are the same, only negative V,(1p) (after discharge operation) is analyzed here

for simplicity. When the V,(T5) is negative, the second term in (2.18) is a positive
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value. In this situation, if a proper current amplitude (|/|) and duration (7") could
be chosen in (2.18), the polarization voltage (V) can reach to 0 mV much quicker

than the conventional condition. It can be explained as

ISR __T_ N _0.5T
Vo(T, I) = —|V,(To)|e” B + R,|I|(1 — e TrCr)* =0 (2.19)

As the amplitude and duration of current pulse increase, the value of V, is chang-
ing from negative to positive. There is a zero crossing point of V,,, which represents
that the polarization of this RC pair is zero. One current amplitude (7) has a corre-
sponding duration (7") for zero crossing. Therefore, there are lots of amplitude and
duration combinations that can accelerate the polarization voltage approaching to
zero. V,(T, 1), T and I in (2.19) are used to refer these different combinations. And
the relationship between the amplitude and duration of the zero-crossing point is

given by Figure 2.6. Also, three things need to be considered to decide an OCBCP.

1) Current Rate: Large current is harmful to the battery. For example, the
battery under test is INR18650-25R, whose datasheet shows that the standard charge
current is 0.5C, and the rapid charge current is 1.6C. It is safer to keep the value of
the current pulse to less than 1.6C (4A). So the current amplitude is chosen as 1C

(2.5A), as shown in Figure 2.6.

2) Two RC Pairs: The two RC pairs in the relaxation model have different time
constant values, as shown in Table 2.2. For a RC pair, the voltage reaches the steady
state after current interruption at about four to five time constants [22]. Therefore,
the polarization voltage of the first RC pair (77=58.84) can reach 0 mV at around 250
s regardless of the value of the initial relaxation voltage. Therefore, compensating
the second RC pair and letting the first RC pair to self-release are enough to reduce

the relaxation time. Besides, this consideration is simpler as compared with [58].

3) Low/high SOC Range: When the experiment is carried out at low/high SOC
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range, the battery will reach to lower/upper voltage limit. Therefore, pulse testing
regulation is proposed. For example, for a discharging process (at 80% SOC), the
second pulse can be done at constant voltage mode until the charged capacity equals

the released capacity of the first current pulse.

The current amplitude is chosen as 1C (2.5A). To make the polarization voltage
become O0mV, the pulse time can be obtained by solving (2.19), and the calculated

results are T1=T,=T/2=440s and T'=880s.

In Figure 2.7, the measured OCV directly reaches the real OCV just after 330s
(approximately equals 5 x7y). Therefore, this experiment result can verify the
effectiveness of adding two current pulses. However, the OCV after this OCBCP is
3.625 V instead of 3.618 V due to hysteresis phenomenon, and the details can be

found in [59].

2.3.4.3 Improved Current Pulses Considering Hysteresis Voltage

To obtain an accurate OCV after the acceleration process, it is necessary to
reduce the influence of hysteresis. The discharged/charged capacity during 77 and
Ty are 0.305Ah (12.2% SOC). Compared with the increased capacity (10% SOC)
per current pulse during the incremental OCV test, the changed capacity by this
compensation pulse is relatively large. Hence, this large SOC loop induces a series
hysteresis effect. It is necessary to find out an OCBCP which can reduce polarization

voltage with a minimum hysteresis voltage.

Based on the analysis above, three sets of current pulses have been tested on
batteries, and they are: 3A for one minute per pulse (2% SOC per current pulse),
2.5A (1C) for two minutes per pulse (3.3% SOC per current pulse) and 2.5A (1C)
for three minutes per pulse (5% SOC per current pulse). The results are shown in

Figure 2.8.
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Figure 2.8 : Comparison of the polarization voltage curves after the proposed three
sets of OCBCPs and the reference. (a) The measured voltage; (b) The polarization

voltage (measured voltage minus the OCV).
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Figure 2.8(a) shows the measured voltage during the experiment and after ex-
periment. As shown, the OCV after the OCBCP step is 3.618 V, which is the same
as the value measured by the conventional test, as shown in Figure 2.2. The exper-
imental results prove that the hysteresis phenomenon is insignificant in small SOC
loops. Figure 2.8(b) illustrates the relaxation time of these three OCBCPs. As
shown, even the duration of three current pulses are not the calculated zero crossing
time of (2.19), the polarization voltage still can reach to zero very fast. Because the
decrease rate of polarization voltage is an exponential curve, the larger voltage drop
slope of the second RC is utilized during the full self-release of the first RC, can be

explained as

AV,  [Va(0)] 5o
4y _ e 2.20
dt ~ R,Cp " (220

2.4 Discussion of Results

2.4.1 Verifying the Experiment Procedure

The first part of this experiment is to use the conventional incremental OCV test

procedure to build a standard reference.

1) The battery is fully charged to 100% SOC via the standard CC-CV charging

profile. And the battery is rested for 2 hours to eliminate the polarization effects.

2) The battery is discharged by a current pulse (12 minutes, C/2, 10% SOC

increment) followed by a 2-hour relaxation period at every 10% SOC.

3) The battery is charged by the same procedure as above but with an opposite

current pulse.

The second part is adopting the proposed acceleration method, the comparison

of these two experiment is shown in Figure 2.9 and Figure 2.10.
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1) The battery is fully charged to 100% SOC via the standard CC-CV charging

profile. And the battery is rested for 2 hours to eliminate the polarization effects.

2) To discharge the battery under the conventional incremental method every
10% SOC followed by the proposed acceleration OCBCP (3 minutes, 1C, +5% SOC
and -5% SOC). During the pulse time, once the terminal voltage reaches to the
upper voltage, the pulse changes to constant voltage charge mode until the charged

capacity is equal to 5% SOC.

3) The battery is charged by the same procedure as above but with an opposite

current pulse.

2.4.2 Validation Results
2.4.2.1 Validation Results at Incremental OCV Tests

From [57], it can be known that the polarization phenomenon level is different
with the change of SOC. Therefore, it is necessary to verify that the proposed
OCBCP can properly reduce the required relaxation time for the whole SOC range.
The experimental comparisons between the conventional incremental OCV tests and
the proposed rapid OCBCP incremental OCV tests at different SOCs are shown in

this section.

Figure 2.9 and Figure 2.10 show comparisons of two polarization voltage curves
(conventional method and proposed method) of the INR-18650 and NCR-18650
batteries at 30%, 50% and 80% SOCs in charge and discharge conditions. The
experimental results indicate that the proposed rapid OCBCP method can accelerate
the polarization voltage decrements to 0 mV in most cases. However, in some
scenarios, the polarization voltage after the rapid OCBCP only can reach quickly
to -1 mV or 1 mV in a short time, then gradually approach to 0 mV. It is because
the energy in the second RC pair is not fully released during OCBCP period and it

needs extra time to self-release, as discussed in (2.19) and Figure 2.8.
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As aforementioned, the time duration of operational current pulse (charge/discharge)
for the OCV measurement is 12 minutes (720 s). To calculate the relaxation time,
the time of reaching to 0 mv polarization voltage needs to deduct from the opera-
tional current time (720 s). The detailed relaxation time comparison between the
conventional incremental OCV method and the proposed rapid OCBCP incremental

OCV method is given by Table 2.3.
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Figure 2.9 : Comparisons of polarization voltage curves of INR-18650 battery between the conventional incremental OCV method

and the rapid OCV method under different settings.
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Figure 2.10 : Comparisons of polarization voltage curves of NRC-18650 battery between the conventional incremental OCV method

and the rapid OCV method under different settings.
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2.4.2.2 Validation Results at Dynamic Conditions

It has been verified that the proposed rapid OCBCP can accelerate the relax-
ation process of the battery after a pulse with constant current, it is beneficial to
prove that the proposed rapid OCBCP method also shows a good performance after
dynamic load profiles. To mimic the dynamic load condition, a ten-minute current
profile, which consists of charging and discharging current with different current
rates, is applied to a fully relaxed battery with a 68% SOC (3.656V OCV), and
the detail information of this dynamic profile is given in Figure 2.11. For the ref-
erence experiment, only the dynamic profile is applied to the battery. To validate
the proposed method that can accelerate the polarization speed, the battery is op-
erated with the dynamic profile followed by the OCBCP. The comparison between
the conventional OCV performance and the proposed fast OCV performance after
a dynamic profile has been given by Figure 2.11, which indicates that the polariza-
tion voltage can reach to 0 mV after 128 seconds of OCBCPs. Utilizing the rapid
OCBCP method, it is possible to implement an OCV correction online to improve

the SOC estimation accuracy.

2.5 Summary

This chapter proposed a rapid OCV measurement method, which utilizes OCBCP
to reduce the initial polarization voltage and shorten the time for the battery to
reach its equilibrium state for SOC estimation. First, by analyzing the OCV char-
acteristics, the two-hour relaxation data has been chosen to build the relaxation
model. Second, the second-order relaxation model has been analysed from an elec-
tric perspective for further current and polarization voltage utilization. Third, after
investigating the effects of amplitude and time of the current on polarization voltage
reduction, it is found that proper OCBCPs can reduce the initial relaxation voltage

to accelerate the polarization voltage reach to OV quicker. Fourth, a proper OCBCP
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Figure 2.11 : Comparison of the conventional OCV performance (reaches to OCV

at 1800s) and rapid OCV method performance (reaches OCV at 1100s) after the

same dynamic current profile

Table 2.3 : Relaxation Time Comparison

INR18650 NCR18650
SOC . .
Proposed Conventional Proposed Conventional
Method Method Method Method
30% 440 s 2791 s 414 s 685 s
50% 1197 s 2623 s 4463 s 5130 s
Charge
80% 3613 s 3947 s 708 s 6148 s
30% 481 s 979 s 1790 s 4023 s
. 50% 585 s 2143 s 486 s 2028 s
Discharge
80% 650 s 2292 s 599 s 6627 s
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was chosen based on a trade-off between time with reduced voltage value, battery
health, and hysteresis voltage. The proposed method does not need extra calcula-
tion for different SOC points. Moreover, the effectiveness of the proposed method
has been verified, which can save 30% to 90% relaxation time compared with that
of the conventional incremental OCV method. Furthermore, the proposed OCBCP
shows good performance under dynamic condition. Therefore, it has good potential
for online OCV self-correction to estimate an accurate initial SOC. However, the
rapid OCV measurement method proposed in this chapter was developed with new
battery cell under the room temperature. For future work, the proposed technique

should be extended to the aging battery under different temperature conditions.
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Chapter 3

Battery Impedance Measurement Method

3.1 Introduction

According to chapter 1, it is known that a typical equivalent electric battery
model, which can be used for online SOC estimation, consists of an open circuit
voltage (OCV) and several electric components such as resistors and capacitors. As
a fundamental step of building a battery equivalent circuit model, a rapid OCV
measurement method is proposed in chapter 2. The next step of the battery model-
ing is to obtain the value of the electric components of the battery model. There are
different methods to obtain the parameter values of the electric components [60,61].
Electrochemical impedance spectroscopy (EIS) is a common approach for parameter

identification [61].

Moreover, EIS not only can be used for parameter identification of the battery
modeling, and it also is a good indicator for battery online state estimation. For
example, state of health (SOH) indicates the remaining lifetime of the battery cell.
The impedance of the battery tends to increase with the decreasing of SOH [6,26,62],
as given by Figure 3.1. For better battery modeling and state estimation, an online

battery impedance measurement method is proposed in this chapter.

3.2 EIS Measurement Techniques

The related battery impedance-frequency relationship can be obtained by per-
turbing the battery with a small sinusoidal voltage or current at different frequencies.

This technique is called EIS, which is a powerful tool to investigate the physico-
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Figure 3.1 : EIS acquired at healthy and weak batteries [5]

chemical process occurring within the battery, evaluate battery performance, and

monitor the battery states [26,63,64].

3.2.1 Single-Frequency Measurement

The battery is a nonlinear device. However, the battery can be assumed as a
linear system in a sufficiently small current and voltage range. By utilizing this
characteristic, the battery impedance (Zp,(f)) can be measured by perturbing the
battery with a small-step current at a specific frequency f and measuring the related

voltage response, as given by

(3.1)

where Vi (f) is the peak amplitude of battery voltage, Iq:(f) is the peak amplitude
of the battery current, and 6, is the phase between the battery voltage and current.
For a 18650 lithium battery cell, the perturbation current is around 200 to 400 mA,
which is small enough to avoid non-linearity and large enough for noise immunity

[63).
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3.2.2 Multi-Frequency Measurement

Since the single-frequency measurement is relatively slow, the multi-frequency
technique is also commonly adopted. A number N of persistent concurrent multiple

sine waves at frequencies f; are applied as an excitation, as follows

N
L= sin(2fymt) (3.2)
k=1

The Fourier transform of the measured voltage and current can be used to cal-
culate the impedance by adopting (3.1). A key consideration is that all frequencies

should be integer multiples of the lowest frequency to ensure the periodicity.

3.3 Related Works and Research Gap

Conventional EIS measurement is usually conducted offline by sophisticated and
complex laboratory equipment [64], which limits the adoption of EIS in real applica-
tions. To solve this problem, some online battery impedance measurement methods
have been proposed [6,25,26,63]. These methods can be classified into two cate-
gories: external signal injection and converter-based perturbation [6,25, 26,63, 65].
Specifically, the first category mainly uses the external source to generate small cur-
rent or voltage signals to perturb the battery. For example, the battery is excited
by the motor controller to measure its online impedance [26]. This method provides
accurate results, but it has a limited working condition, which requires a motor
system. The second category is controlling the duty-cycle of the power converter to
perturb the battery [6,25,65]. Since power converters are usually an integral part
of battery systems such as control of battery current and managing charging and
discharging operations [63,65], the second category methods have a wide application
scenarios. Therefore, these methods have gained more attention due to their ease of

use [65].
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A converter-based single frequency perturbation method for online battery impedance

measurement has been presented [25,63]. This method uses a sinusoidal perturbation
current and voltage on the batteries at a selected frequency by sinusoidally perturb-
ing the duty cycle of the power converter. These single-sine-frequency measurement
methods can only obtain the impedance at a specific frequency [25]. Therefore, it
takes a long measurement time to get the impedance plot at different frequencies.
Since the battery impedance depends on the state of charge (SOC) [26], the results
may be inaccurate due to the possible change of SOC during the long measurement
time. To overcome this issue, various converter-based multi-frequency perturbation
methods are proposed [6,65,66]. These methods obtain online battery impedance un-
der different frequencies simultaneously by injecting a multi-sine excitation, square

excitation or pseudorandom binary sequence excitation to the batteries.

However, the converter-based duty cycle perturbation methods have a critical
shortcoming that the perturbation on duty-cycle will result in unavoidable ripples
at the output voltage [25]. For example, in [25], the output voltage ripple value
is around 7% and 9% of the DC output voltage when the perturbation frequencies
are 1000 Hz and 100 Hz, respectively. The scenario will be worsen for the multi-
frequency measurement method, which injects a square waveform perturbation to
the duty-cycle [6,66]. It is known that the square waveform signal consists of infinite
sine waveforms, but the amplitude of the signal (i.e. battery perturbation current
and voltage) will become smaller with the increase of the harmonic frequency order
[6]. Hence, a larger perturbation step is therefore needed to be applied to the duty
cycle to increase the measurement accuracy at high harmonic frequencies. However,
a larger perturbation duty cycle will inevitably induce larger output ripples based
on the operational principle of the power converter. Moreover, the square waveform
perturbation step also induces large current spikes to the battery [6,66], and it will

accelerate the battery degradation and cause extra temperature rise [67].
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Output voltage ripples is usually one of the key switching power supply specifica-
tions. This is particularly important for noise sensitive applications such as commu-
nications and medical equipment [68]. As suggested by Texas Instruments [69]. the
output voltage ripples usually designed to be less than 1% of the output voltage.
As aforementioned, the output ripples in converter-based duty-cycle perturbation
method is around 7%, which is far beyond this tolerable ripple range. As generally
known, to solve the output ripple problem, the first method is to use the a capac-
itor with large capacitance and low equivalent series resistance (ESR), the second
method is to add an LC filter, and the third method is to increase the switching
frequency. However, all these methods are not suitable for this battery impedance
measurement case. It is because the ripples are induced by the perturbation fre-
quency rather than switching frequency, and the battery impedance measurement
range can start from mHz to kHz [62,64]. It presents a significant challenge to size

a filter to cover this wide frequency spectrum.

To overcome this output ripple problem, a ripple cancellation method is pre-
sented. In [6], the outputs of two power converters are connected in series, and each
converter has a battery at its input. Two converters are injected with a perturbation
individually but the two signals are out of phase with each other. Therefore, this
method requires at least a multiple of two sets of battery and power converter work-
ing together to achieve output ripple cancellation [6]. However, the output voltage
ripple issue remains an unsolved problem for the single power converter system (i.e.
one converter per battery pack), which has been widely used. For example, a data
center which adopts a single power converter approach [70], in which the power con-
verter needs to be disconnected from the DC bus and connected to a isolated load

when the battery is operated under the impedance measurement mode.

Considering the limitation of previous converter-based impedance measurement

methods, this chapter presents a switched resistor circuit (SRC) based online bat-
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tery impedance measurement method with suppression of output voltage ripples and
battery current spike. In the proposed method, a SRC, which consists of a resistor
and a controlled MOSFET, is added to the input side of the converter. By moving
the perturbation source from the duty-cycle of the converter to the input-side of
the converter, the output voltage ripples will be reduced due to the principle of
the converter system transfer function. Moreover, by simply switching the MOS-
FET of the SRC with 50% duty-cycle at a specific frequency, corresponding small
square perturbation current/voltage signals will be superimposed over the battery
DC steady-state values. As generally known, the square waveform is composed of
an infinite sinewaves with its odd-integer harmonic frequencies. Therefore, the pro-
posed method can measure the battery impedance under different frequencies in one
perturbation cycle by using discrete-time Fourier (DTF) technique. Therefore, the
proposed method can achieve output voltage ripple reduction and multi-frequencies

impedance measurement simultaneously.

This chapter is organized as follows. The theoretical review of the power con-
verter is given in Section 3.4. The converter-based duty-cycle perturbation battery
impedance measurement method is reviewed in Section 3.5. The proposed SRC
perturbation method for output voltage ripples reduction is elaborated from theo-
retical, simulation and experiment perspectives in Section 3.6. The multi-frequencies
impedance measurement of the proposed SRC perturbation method in online battery
impedance and experimental results are reported in Section 3.7. Finally, Section 3.8

gives the conclusion.

3.4 Review of Converter Normal Operation

The boost converter (see Figure 3.2) is used in this chapter as it is the most
commonly used topology in converter-based online impedance measurement due to

its circuit simplicity and smooth input current capability [6,25,66].
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When the boost converter is operated under an ideal continuous conduction mode

(CCM), the input resistance of the converter system is given as below

Re = (1 — Dg.)*Ro (3.3)

where Ro is the output equivalent resistance and Dy, is the DC duty cycle.

As shown in Figure 3.2, the current flowing through the battery can be expressed

as

. ocv
Zp+ Re (3.4)

VB,dc =0CV — IB,chB

[B,dc

where Ip 4. is the battery current, Vg 4. is the terminal voltage of the battery, OC'V
is the open circuit voltage of the battery, Zp is the internal impedance of the battery,

and R¢ is the input impedance of the converter system seen from the battery side.

Finally, the output voltage of the power converter (Vo 4c) is given below

VO,dc = : (35)

From Figure 3.2 and above analysis, it can be known that the battery current,
battery voltage and output voltage are similar to DC values when the converter

system is operated under a steady state CCM condition.

3.5 Review Converter-Based Duty-Cycle Perturbation Bat-
tery Impedance Measurement Method

For the converter-based online battery impedance method in [6,25, 66, 71|, the

duty-cycle is perturbed at a given frequency (f,) around its steady-state value (D).
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Figure 3.2 : Ilustration diagrams for battery impedance measurement methods:

conventional duty-cycle perturbation method [6] (left), the proposed SRC perturba-

tion method (right)

This duty-cycle perturbation will result in small signal ac perturbations of the bat-

tery current and voltage around their corresponding steady-state dc values (Ip 4.

and Vp4.). As illustrated in Figure 3.2, a square wave perturbation signal (dg.),

which is under f, frequency, is added to the DC duty-cycle of the boost converter,

the detailed duty-cycle perturbation information is given below

D:Ddc_’_dac:

de

Dac+ %, 0<t <5

dac 1 1

Ddc_ 92 F<t§f_p
otherwise

(3.6)

Based on the principle of the converter transfer function, this small square wave
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duty-cycle perturbation will inevitably result in output voltage ripples to the power
converter, as shown in Figure 3.2. As reported by [25], the output voltage ripples
are around 9% of the steady-state DC output voltage, which exceeds the general
output voltage ripple requirement (should be less than 1%) [69]. Moreover, the
duty-cycle perturbation will also result in large current spike to the battery due to
the converter transient characteristic. And these spikes may accelerate the battery

degradation.

3.6 Proposed Switched Resistor Circuit Perturbation Method
for Output Voltage Ripples Reduction

In order to alleviate the aforementioned output voltage ripple problem, a switched
resistor circuit (SRC) based online impedance measurement method is proposed in
this chapter, as shown in Figure 3.2. An auxiliary branch named SRC, which consists

of a resistor (R;) and a switch (S), is added to the input side of the converter.

3.6.1 Principle of the SRC Perturbation Method

When the switch (S7) of SRC is turned off, the power converter is under the
normal operation and the input impedance of the converter system seen from the
battery side is the R¢, which has been defined in Section 3.4. When the switch of
the SRC (.S7) is turned on, the resistor (R;) of the SRC is connected with R¢ in
parallel. In this case, the system equivalent resistance seen by the battery is updated

to R’C, which is given by

/ RCRl

o= —(Rc i) (3.7)

Figure 3.2 shows that if S; is controlled by a 50% duty cycle under a perturbation

frequency (f,), the SRC acts as a variable resistor switching between Rc and Ry
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with f,. It can be called impedance measurement mode, in which the DC current
and voltage of the battery are superimposed with small square perturbation signals,

expressed as follow:

- T A (3.8)

/ 1 1
RC? m<t§g

RC(fp) =

where Rc(t) is the variable resistor representing the impedance of the converter

system.

ocvVv
Zp + Ro(fy) (3.9)
VB(fp) - OCV — [B(fp)ZB

IB(fp) =

3.6.2 SRC Parameter Selection

For a simple demonstration of the perturbation step selection, a 18650 lithium
battery is used as an example. For a common 18650 cell, its voltage range normally
is between 2.5V and 4.2V, and the nominal voltage is 3.6V [72]. The impedance of
this type of battery cell normally is 30-100 mf2. For a EIS measurement, it requires
at least 15 mV perturbation voltage to evaluate the battery impedance. Based on
the EIS measurement voltage and internal impedance value, it can be calculated
that a 150 to 400 mA perturbation current is required. To meet this requirement, a
10 €2 resistor can be chosen for the SRC. Since the maximum current is around 400
mA, the instantaneous power of this resistor is 1.6 W. It should be noted that the
measurement time is very short, so the total consumption energy will be less than
2J in this work. Finally, a 10 2 with 3 W resistor and a typical IRF540N MOSFET

(rps = 0.077€2) are selected for the SRC in this chapter.
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3.6.3 Theoretical Verification of Output Voltage Ripple Reduction in

Proposed SRC Perturbation Method

When a perturbation is applied to the duty-cycle, unavoidable ripples will be
added to the output voltage. To have smaller power converter output voltage ripples,
a smaller perturbation step is preferred. But if the duty cycle perturbation step is too
small, it cannot generate enough perturbation current for battery impedance mea-
surement. The proposed SRC perturbation mitigates both issues, and this section
explains through small-signal analysis the capability of the proposed SRC pertur-
bation method compared with conventional duty-cycle perturbation method under

the same battery perturbation current.

The small-signal ac linear circuit model of the boost converter operating under
CCM is used for system analysis, as shown in Figure 3.3. In Figure 3.3, r¢ is the
capacitor ESR. The small-signal ac components of duty-cycle, switching current
and indutor current represented by d, is and 7;, respectively. And r, which is the
equivalent converter resistance, is derived using the conduction losses of the boost

converter [73], as

r=rr + Dgcrps + (1 - Ddc)TF (310)
where 7, is the inductor equivalent series resistance (ESR), rpg is the MOSFET ON
resistance, and rp is the diode forward resistance.

The small-signal model can be used to find the transfer function and transient
performance from the disturbance duty-cycle (d,.) to the output voltage (v, q.) and

disturbance input voltage (vp 4.) to output voltage (v, 4c)-

The duty cycle to output voltage transfer function 7, can be derived as
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Figure 3.3 : Small-signal model of boost converter operating in CCM (Reproduced

with permission from [7],IEEE, 2019)

Vo ac($) S — Wyp) (8 + wWan)
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dye(s) S s2 + 2Cwps + w2
where
T —1cVo,de
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RL(l — Ddc>2 — T
Wyp = 7
B 1
Wan = CTC
(1 — DdC)QRL —|- T
Wy, =
LC (RL -+ Tc)
C . C[T(RL +Tc) +RLTO(1 — Ddc)2] —|—L

2\/LC (RL + Tc) [7‘ + (1 — Ddc)2RL]
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V [(1 — DdC)QRL — 7’]
L0 =43 _%dc) (1= Da)?Ry 411

(3.11)
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The input (battery terminal voltage)-to-output voltage transfer function, which
shows the variation of the output voltage of small perturbations in the input, is

expressed as follows

Vo,ac(5) 5 4 W
M, = — = My 3.18
() UB,ac(8) 14,0 52 + 2Cwps + w2 (3.18)

where

and M, (0) is

(1 = Dgc)Ryp
(1 = Dge)?Rp +

M,(0) = (3.20)

As aforementioned in Section 3.6.2, is can be known that amplitude of the vp 4. (s)
and is around 15mV for battery perturbation. For duty-cycle perturbation method,
the d,. is suggested to be 0.02 [25]. By applying these values for calculation, the
comparison of theoretical transient response of M, and 7}, can be obtained and the

results are shown in Figure 3.4.

Figure 3.4(a) shows that the stable output voltage ripples is 0.246 V, and the
spike voltage is 0.3472 V. Figure 3.4(b) shows that the stable output voltage ripples
is 0.028 V, and the spike voltage is 0.04269 V. When the duty-cycle perturbation is
negative, the induced output ripple will be -0.3472 V. Therefore, the total output
ripples of the duty-cycle perturbation method will be 0.6944 V, which is around 10%
of the DC output voltage and this value cannot meet the standard ripple requirement
(less than 1%) [69]. The theoretical analysis shows that the output ripple of the
proposed SRC perturbation method (0.028 V) is around 16-times smaller than the

duty cycle perturbation method (0.6944 V).
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Table 3.1 : Parameters of the theoretical analysis and simulation for ripple analysis

Design Parameter Value
Battery OCV 3.5V
R 0.0322 Q
Ry 0.026 Q
Ch 375.94 F
Duty Cycle D 0.5
Inductor L 4. 7uH
Capacitor C 220uF
Inductor ESR rp, 0.0028%2
Capacitor ESR r¢ 0.31192
MOSFET ON Resistance rpg 0.0772
Diode Forward Resistance rg 0.07202
Operation frequency 150kHz
Perturbation frequency 200Hz

Output resistor Rp 1092
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3.6.4 Simulation Verification of Output Voltage Ripple Reduction in

Proposed SRC Perturbation Method

To further prove this theoretical conclusion, the proposed SRC perturbation
method and duty-cycle perturbation method are simulated, and the regular con-
verter operation is also simulated for comparison. The specifications of the converter
used in this simulation have been given in Table I, with the additional components
for the SRC as follows: a R;=1012, a MOSFET with 50% duty cycle. In this simu-
lation, a typical electrical battery model, which consists of one ohmic resistor (Ry)
and one RC pair (Rp, Ch1), is used to represent the lithium battery, as shown by

the battery model in Figure 3.2.

Figure 3.5(a) shows the waveforms of the dc duty-cycle (Dg.), battery current
(Ipac), battery voltage (Vp4.), and output voltage (Vo 4.) when the converter is
operated under the normal power delivery condition (without any perturbation).
Figure 3.5(b) shows the waveforms of the dc duty cycle (Dg.) with a small duty-
cycle perturbation (d,.), the battery current(/p), battery voltage (V) and output

voltage (Vo) when the duty-cycle perturbation (d,.) is applied to the converter.

First, the output voltage ripples induced by the converter operational switching
frequency is only 15mV, which is 0.23% of the corresponding DC output voltage.
After adding a 0.02 perturbation signal to the duty cycle, the output ripple value is
increased to 849mV, which is approximately 13% of the corresponding DC output
voltage. As aforementioned, the required perturbation current for 18650-size battery
cell is around 150 to 400 mA. A smaller perturbation duty-cycle step (such as 0.01)
can bring smaller output ripples [6]. However, the generated perturbation current
for the battery is only 0.1 A, which cannot meet this current range. The detailed

comparisons are listed in Table 3.2.

Moreover, it should be noted that the induced output voltage ripples cannot be
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simply solved by adding a large capacitor to the output of the power converter.
Because a large output capacitor will reduce the converter dynamic response speed,

so it will have a negative performance on the control transient performance.

On the contrary, Figure 3.5(c) shows the waveforms of the duty cycle to the
switch of SRC, battery current (Ig), battery voltage (V) and output voltage (Vo).
The ripples of the output voltage of the proposed SRC method is only 50 mV, which
is around 0.7% of the corresponding DC output voltage. Compared with 849 mV
(13%) of the conventional duty-cycle perturbation method (see Figure 3.5(b)), the
output ripples are significantly reduced by the proposed method. Moreover, it can
be observed in Figure. 3.5(b) and Figure 3.5(c) that the large spike of battery cur-
rent /voltage in the conventional duty-cycle method during the transient switching
is automatically eliminated in the proposed method due to the adoption of the 102

resistor.
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surement mode with the proposed SRC perturbation method.



Table 3.2 : Battery perturbation signals and output voltage ripples comparison

doe Perturbed Current(A) Perturbed Voltage(V) Output Ripples (V) THD

No Perturbation 0 0 0 0.015 0.1%

0.01 0.1095 0.00355 0.471 2.77%

Duty Cycle Method 0.015 0.1648 0.00533 0.681 4.14%
0.02 0.2201 0.00712 0.849 5.48%

Proposed SRC method | 0 0.2786 0.009 0.050 0.25%

79
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3.6.5 Experimental Verification of Output Voltage Ripples Reduction
in Proposed SRC Method
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Figure 3.7 : The experimental waveforms of the proposed SRC perturbation method.

As discussed in Sections 3.6.3 and 3.6.4, the output ripples of the proposed
method is around 16 times smaller than the duty-cycle perturbation method both
in theoretical analysis and simulation. Therefore, the final experimental verification
results will be given in this section, as shown in Figure 3.6, and the experimental

platform specifications are shown in Table 3.3.

Figure 3.7 shows the sample waveforms for the PWM voltage of the SRC, bat-
tery voltage, battery current and the output voltage of the power converter of the

proposed SRC perturbation method under 100Hz perturbation frequency. It can be
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Table 3.3 : Main Specification of the Experimental Prototype

Design Parameter Value
Battery INR18650
Duty Cycle D 0.5
SRC Resistor R; 1092, 3W
SRC switching Duty Cycle D, 50%
Inductor L 4.7uH
Capacitor C 220uF
Operation frequency 150kHz

found that the proposed SRC method has smaller output ripples as compared with
the duty-cycle perturbation method. In [6], the duty-cycle perturbation has induced
large output voltage ripples which are around 0.38V. But in the proposed method,
the output voltage ripples induced by the SRC perturbation is only around 0.02V,
which is around 19 times smaller than the conventional duty-cycle perturbation

method.

3.7 Battery Impedance Measurement Validation

After validating experimentally the low ripple battery impedance measurement
in Section 3.6, this section will validate that the proposed SRC perturbation method

can accurately measure online battery impedance.

3.7.1 Battery Multi-frequencies Impedance Calculation Algorithm

As illustrated in Figure 3.2, the voltage and current signals under the impedance
measurement mode consist of DC components and small periodic odd-square waves

alternating at f,, which are composed of infinite sine waves with odd-integer har-
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monic frequencies. By applying the Fourier expansion to the square functions of

voltage and current over time ¢, the square perturbations can be represented as:

z(t) = 4 (sin(wt) + %Sin(&ut) + %Sin(&ut) +.. ) (3.21)

™

where A is the amplitude of the signal (battery voltage and current) and w is equal

to 2f,m.

The data acquisition (DAQ), which has an analog-to-digital converter (ADC),
is used to sample battery current and voltage. The discrete-time Fourier transform
(DTF) is utilized to convert the voltage and current from the time domain to the

frequency domain, which can be expressed as:

N-1 ey N-1 orfen . fm
Xy = E Tp e NI = g T - [cos N anW} (3.22)
n=0 n=0

where Xy is the value of the voltage or current at frequency f,, N is the sampled
number of voltage or current, n is the present voltage or current of the calculation
moment (from 0 to N — 1), x, is the current or voltage at n. After DTF pro-
cessing, the impedance plot under the perturbation frequency and its odd-harmonic

frequencies can be calculated by

Zvat (fpr 30y 5fpen) = %eﬁzw (3.23)

where Vp(f,) and I5(f,) are the amplitudes of battery voltage and current at fre-
quency f, respectively, and 0, (k) is the phase difference between voltage and current

at frequency f,.
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3.7.2 Online Battery Impedance Test at 50% SOC, 1C Discharge Cur-

rent Rate

When the battery works in the online measurement mode, the battery is con-
nected with the power converter to deliver the power to the load. Therefore, the
perturbation current is superimposed over a dc current passing through the bat-
tery. The battery current and voltage are sampled and stored by a DAQ named
NI 6009 with a 14-bit, 48kS/s sampling rate. A commercial battery impedance an-
alyzer (Hoiki IM3590) is connected to the battery terminal to conduct a reference
experiment on a 50 % SOC battery with 1C superimposed dc current. Because
the excitation signal of the commercial battery impedance analyzer is a sinewave,
it needs a long measurement time (up to several minutes) to obtain the impedance
under low-frequency region. This long measurement time can induce a SOC change
to the battery. Therefore, the measured impedance will be inaccurate. To avoid
this issue, the measurement frequency is chosen from 50 to 500 Hz, which contains

important battery information and has a very short measurement time. For higher
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measurement reliability, a simple filter is adopted to check the each data point is

keeping at its surrounding data points region. The filter design method is reported

by [74,75].

To validate the correctness of the proposed method, six perturbation frequency
values at 50Hz, 60Hz, 7T0Hz, 8O0Hz, 90Hz, and 100Hz are selected to implement in this
experiment. One example under 100Hz perturbation frequency is given in Figure 3.7.
The impedance at these six frequencies and their harmonic frequencies (from 50Hz to
500Hz) can be obtained by applying DTF elaborated in Section 3.7.1. Theoretically,

only 0.0846 second (5—10 + ...+ ﬁ) is needed to measure the all signals. From the
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Figure 3.10 : Online battery impedance results (50Hz to 500Hz) under different
discharge current rates (a) under 0.5C, 50% SOC (b) under 1C, 50% SOC (c) under
1.5C, 50% SOC.

DFT perspective, more data points can achieve a higher measurement accuracy.
Therefore, ten-cycle data under one frequency is set as an experimental unit, and
the total test time is 0.846 second. Figure 3.8 shows the battery impedance results
measured under 50% SOC, 1C dc discharge current by the impedance analyzer
(as the reference) and the proposed SRC perturbation method. As seen from this
figure, the proposed SRC perturbation method is able to measure the impedance
of a battery with a high correlation with a commercially available high precision

impedance analyzer.
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3.7.3 Online Battery Impedance Tests at Various Battery SOC

The battery is tested under different SOC values to confirm the capability of the
proposed impedance measurement method. As it can be seen from the Figure 3.9,
the comparison of the online battery impedance obtained under 20%, 30%, and 50%
SOC values by the impedance analyzer (as the reference) and the proposed SRC
perturbation method, respectively. The experimental results show a good match,
the overall measurement error between the reference and the proposed method is
less than 5%. Moreover, the overall trend of the experimental results show that the
magnitude of battery impedance in the low SOC region is larger than the middle
SOC range. And it can be found that with the increase of the frequency, the phase

of the battery impedance shows an increase trend.

3.7.4 Online Battery Impedance Tests at Various Discharge Current

Rate

Since the charge transfer polarization decreases with the increase of current [76],
it is necessary to confirm that the proposed method can work correctly at different
load conditions. In this section, the battery is tested under different operation

currents, which are 0.5C, 1C, and 1.5C dc current rates, respectively.

Figure 3.10 shows the comparison of the online battery impedance obtained un-
der 0.5C, 1C, and 1.5C discharge currents by the reference method and the proposed
method, respectively. The results show a good match, the overall measurement error
is less than 5%. The overall trend is that the battery impedance decreases with the
increase in the current rate. More specifically, there is a 4.5 m{2 increment from 0C
to 0.5C, a 16 mf) increment from 0.5C to 1.0C, a 2.4mS) increment from 1.0C to

1.5C.

In [6], the authors state that impedance is not affected by the current rate.

However, it shows otherwise from the results of this work, which show the battery
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impedance is significantly dependent on the discharge dc current rate. And the
conclusion of this work is consistent with the definition of Bulter-Volmer equation,
which indicates that both charge transfer and diffusion polarizations are related to

the current [76].

3.8 Summary

In this chapter, an efficient online battery impedance measurement method with
reduced converter output voltage ripples has been proposed. This work consists of
two main contributions. The cause of the output ripples in the conventional duty-
cycle perturbation method has been analyzed. Based on the analysis and proof, a
low ripple solution by changing the perturbation source from the main switch of
the converter to the input of the converter through a small switched resistor circuit
(SRC) has been proposed and verified in the first part of the paper. Theoretical
analysis, simulation and experimental results show that the output ripples of the
proposed SRC perturbation method is 16 times smaller than the conventional duty-
cycle perturbation method. The second part of this chapter uses a SRC-integrated
boost converter to validate that the proposed approach has a high impedance mea-
surement accuracy, and the results show that the overall measurement impedance
error is less that 5% under different discharge current rates and battery SOC values

as compared with a commercial impedance analyzer.
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Chapter 4

Sensorless Battery Surface Temperature
Estimation

4.1 Introduction

As the discussion in chapter 1, temperature acquisition, which belongs to the
signals measurement system, is one of the most important battery management
system functions [77,78]. To achieve thermal monitoring, avoid over-temperature,
and update temperature-dependent parameters, the battery temperature should be
well monitored. The battery needs to work under an allowable temperature range,
which is normally between -20°C and 50°C. Moreover, the lithium-ion battery is
sensitive to temperature variations, so it is necessary to update battery parameters
with the temperature change. For example, the available battery capacity becomes
smaller with the decreasing ambient temperature. In general, the temperature mea-
surement is used for three conditions: stand-still storage, charging, and discharging.
Typically, the battery surface temperature can be directly measured by temperature
sensors. Commonly used temperature sensors for battery temperature measurement
are Negative Temperature Coefficient (NTC) (metal oxide) or Positive Temperature
Coefficient (PTC) (semiconductor type) [34]. The resistance will change as a func-
tion of the temperature, so the voltage drop across the sensor is an indicator of the
temperature. This type of sensor is relatively cheap, but it will lose its linear char-
acteristic in high and low-temperature regions. Moreover, digital interfaced sensors

are also common. This type of sensor can be easily connected to a micro-controller.

However, the sensors installation, cabling, and signal acquisition will increase
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the cost and decrease the system reliability as these additional components are also

prone to failure [78].

4.1.1 Related Works and Research Gap

Some sensorless battery temperature estimation methods have been proposed
[77-80]. For example, an equivalent circuit-based method has been proposed in [79].
In this method, a reduced-order battery thermal circuit and a Kalman filter were
adopted to estimate the temperature. This method, however, requires the compre-
hensive pre-knowledge of the cell thermal characteristics, thermal boundary con-
ditions, and heat generation rates. Other typical methods, which use the electro-
chemical impedance spectroscopy of the battery to estimate the battery surface
temperature, have been proposed [78,80]. These methods utilized the relationship
between the temperature and battery impedance, which can be calculated by inject-
ing a small ac current to the battery and observing its corresponded voltage response.

However, this category methods will increase the complexity of the hardware design.

The neural network-based method, which can treat the battery as a black box and
only utilize the available sampled data to estimate the temperature has offered an
alternative solution. Recently, a sensorless surface temperature estimation method
using the traditional feedforward neural network (FNN) has been proposed [77].
Nevertheless, there are two problems associated with this work. First, the battery
surface temperature under the present time is influenced by the temperature of the
past sample time. But the FNN lacks the ability to memorize previous informa-
tion. Second, this model only validated the temperature estimation accuracy under
constant-current constant-voltage (CCCV) charging conditions or constant current
(CC) discharging conditions at room temperature. The challenging tasks to estimate

the battery temperature are the dynamic load and changing temperature.

To overcome these issues, a recurrent neural network with gated recurrent unit
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(GRU-RNN), which can make use of important historical information, is proposed
in this chapter for estimating the battery surface temperature, as shown in Figure
4.1. Noted that the battery thermal model is a complex nonlinear system and
battery surface temperature is a time-sequence task. Compared to the previous
FNN method, the proposed GRU-RNN method can exploit information of the past
temperature and measurement signals because its internal structure has memorised

gates. The main contribution of this work are given as:

(1) This chapter builds the theoretical gap between the battery temperature
distribution and RNN by proving that the battery temperature distribution is a

time-sequence task.

(2) A GRU-RNN mode, which is good at time-sequence task modeling, is first

proposed to estimate battery surface temperature.

(3) The proposed GRU-RNN model can achieve high accuracy under real EV

operational driving profiles with various ambient temperature.

4.2 Battery Temperature Distribution is a Time-Sequence

Task (Theoretical Analysis)

A commonly adopted expression for the heat generation (@) in a lithium-ion

battery is

o0CV
oT.

Q=1(Vs—0CV)+IT. (4.1)

which is a simplified equation proposed by Bernardi et al. [81]. The first term
at the right side is the heat generated by the ohmic resistance, charge transfer
overpotential, and mass transfer limitations [79]. [ and Vp are the current and
terminal voltage of the battery, which can be directly measured online by physical

sensors. OCV, which is the open-circuit voltage of the battery under an inner-
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GRU-RNN
Temperature
Estimation
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Conventional Method:
4 sensors for a cell

Proposed Method: 3 sensors for a cell.

Figure 4.1 : Conventional battery surface measurement method (left), which has
four sensors: voltage sensor, current sensor, battery surface temperature sensor, and
ambient temperature sensor; the proposed sensorless surface temperature estimation
method (right), which only has three sensors: voltage sensor, current sensor, and

ambient temperature sensor

equilibrium-state, has a one-to-one relationship with battery state of charge SOC
(OCV = f(SOC)). Because the variation of OCV within a short sample time is
small. The second term is the entropic heat, which can be neglected for a simplified

calculation due to its small value.

A battery thermal model is used to express the relationship between heat gener-
ation and battery temperature [79]. The heat generated inside the battery (Q) will
cause the temperature rise both in the core (T¢.) and surface (7T) of the battery, as

given in differential equations below:

C@:Q_TC_TS
“dt R o
(4.2)
C%_Tc_ S_Ts_Ta
Sdt o Rcs Rsa

in which C. and C; are the battery heat capacity of the core and surface, T, and T
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Zpolarization

ocv

Figure 4.2 : (a) Battery equivalent electric model. (b) Battery equivalent thermal

model.

are the battery temperature of the core and surface, T, is the ambient temperature,
R, is the core-to-surface resistance of the battery, and R,, is the surface-to-ambient

resistance of the battery.

Based on above analysis, it can be known that the battery surface temperature
under the present moment (7}y) is related to inherent chemical characteristics of
the battery (C., Cs, R, and Ry,), operational signals under the present moment
(VB.k, I, OCVy, and T, ), and the temperature of the previous sample time (7§ 5_1).
SOCY is used to represent OC'Vj, for heat analysis (OCV; = f(SOC);). Therefore,
the RNN, which can learn sequentiality and remember previous information, should

be adopted [82].

4.3 Proposed GRU-RNN Sensorless Battery Temperature
Estimation Method

Figure.4.3 illustrates the basic working principle the GRU-RNN, which has a
feedback loop and allowing past information to persist [83]. The output of the

system (T) is decided by the input and the historical information, which can be

called the hidden state (h).
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0, k=0
h<k> = (4.3)

f(h<k*1>, x<k>), otherwise

where <> is the input vector (Vg g, I1, SOC}, and T, ;) at the time step k, f is the

h<F=1> and h<F> are old and new hidden state, respectively. To

nonlinear function,
further explain the working principle, Figure 4.4(a) introduces the internal structure
of GRU cell, and explains how the GRU cell memorises the historical information.
The first step is to calculate the relevance of the previous cell state to the present

cell state by using a sigmoid activation called relevance gate, which can be expressed

as follows:

r<t> _ 5 (Wr . [h<k_1>, l’<k>}) (44)

The update gate (2<*>) is used to decide the portion of the previous state should

be retained:

Z<k> =0 (Wz . [h<k71>7 $<k>]) (45)
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Figure 4.4 : (a) GRU cell structure. (b) Overall structure of the proposed GRU-RNN

model

Similar to the relevance gate, the update gate is also a sigmoid activation, and

the update method of the cell state is given below:

Rk = tanh (W - [r<F> « p<b—1> 3<>]) (4.6)

h<k> — (1 _ Z<k>) w h<k—1> 4 <k> h<k> (4‘7>

where h<*F> is the candidate cell state, h<*> is a final filtered cell state, which is also
the output value. For GRU cell, if the entry of 2<¥> is close to 1, the present state
relies more on the candidate cell state, which is influenced by the present input, and

the present state will depend more on the previous state if the entry is close to 0.

After explaining the advantages of the GRU-RNN for solving the sequence task,

the whole structure of the proposed GRU-RNN model for battery surface temper-
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Figure 4.5 : Experimental procedure for GRU-RNN model training and temperature

estimation.

ature estimation is given in Figure 4.4(b). The model starts with a sequence input
layer, in which the measured signals including battery voltage, battery current, bat-
tery SOC, and ambient temperature formed an input vector z<*>=[Vp, I, SOC,
Tox). Then, a following GRU layer is used to learn the dependence on previous in-
put. In each step k, the GRU cell is updated by (7)-(10). Finally, a fully connected
layer and a regression output layer are adopted to generate the final output: surface
temperature (7). The details about how to optimize the hyperparameters of the
GRU-RNN for training and how to evaluate the model performance are given in

Section 4.4.3.

4.4 Experiment and Result Discussion

4.4.1 Platform for Data Collection

The experimental data of this chapter is a open data-set collected from the Center

for Advanced Life Cycle Engineering (CALCE) of the University of Maryland [84].
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A temperature sensor is mounted near the center of the cell surface using thermal
paste and tape [84]. The experimental platform consists of a battery tester (Arbin
BT2000), a climate chamber and a PC with Arbin software. The experimental cells
are LiFePO, A123 18650 with 1.1 Ah nominal capacity and the operational voltage

range is 2.0-3.6V.

4.4.2 Data Preparation and Experimental Procedure

To mimic the complicated and uncertain operations of EVs, two practical driv-
ing profiles are applied on batteries for testing: the Federal Urban Driving Schedule
(FUDS) and the US06 Highway Driving Schedule [84]. In these tests, the battery
cell is fully charged to 100% SOC at 3.6 V. And the specific dynamic profile is
applied to the battery cell until reaching the batteries’ cut-off voltage (2.0 V) over
several cycles. Since the performance of the battery is highly influenced by the envi-
ronmental temperature [84], it is necessary to repeat the experiment under different
ambient temperature conditions (—10°C, 25°C, and 50°C). A typical data prepara-
tion method in machine learning filed is adopted in this chapter. The whole data set
is randomly divided into three inner groups, which are training (75%), validation
(15%) and test (15%), respectively. Finally, the whole experimental procedure is

explained in Figure 4.5.

4.4.3 Experiment: GRU-RNN Model Training and Evaluation

i. Model Training: The hyperparameters setting decides the possible accu-
racy of the neural network. For a GRU-RNN model, the basic parameters
are the number of layers and the number of hidden nodes per layer. Some
advanced settings are the mini-batch size, the drop-out rate of the drop-out
layer, and the learning rate of the model training. After carefully tuning
these hyperaprameters of the GRU-RNN, this chapter came out with a set

of hyperparameters that provide the highest estimation accuracy with a high
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ii. Model Evaluation: The model accuracy can be evaluated by three criterion:

root mean square error (RMSE), mean absolute error (MAE) and max error

(MAXE).
1 & SN2
RMSE = ,| >~ (Ts,k - Ts,k> (4.8)
k=1
1 ~
MAE = — > Tk = Ton (4.9)
k=1
MAXE = Maz | T,y — Tix (4.10)

where N is the length of the dataset, T ; and ﬁk are the real surface temper-
ature measured by the temperature sensor and the model estimated surface

temperature at time step k, respectively.



Table 4.1 : Hyperparameter setting.

GRU Layer GRU node Mini Batch Optimizer Learning Rate

Dropout Layer

Epoch

3 8 256 Adam Initial 0.01; decrease rate=0.2 per 200 epoch

none

1000

1 All experiments are conducted using Matlab 2020 on a computer with a single Intel(R) Core (TM)-i7-8550U CPU

€8
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4.4.4 Experimental Result Discussion

Figure 4.6 shows the measured, estimated temperature and estimated error with
US06 and FUDS loading profiles under —10°C, 25°C and 50°C temperature condi-
tions, respectively. For comparison, the detailed MAE, RMSE, and MAXE of the
FNN and proposed GRU-RNN methods for two profiles under three ambient tem-
peratures are described Table 4.2. It can be observed that the GRU-RNN model has
achieved high accuracy result with the maximum MAE is 0.64°C while this value
is 0.86°C in FNN under all six operational conditions. Especially for the US06 pro-
file under -10°C, the GRU-RNN model shows the best performance, in which the
MAE is 0.0749°C and the maximum error is only 0.2716 °C. It should be noted that
the estimation accuracy is reduced with the increase of the ambient temperature.
Specifically, the average MAE of two profiles under -10°C ambient temperature is
0.1035°C, then the average MAE is 0.1049°C in 25°C ambient temperature and

0.1247°C in 50°C ambient temperature.

4.5 Summary

This chapter proposes a sensorless battery temperature estimation method us-
ing a GRU-RNN based on sensor-measured battery voltage, current and ambient
temperature signals. First, this chapter analyzes that the temperature distribution
of the battery is a sequence task, and explains why the GRU-RNN is superior to
FNN in sequence task. Second, the proposed sensorless GRU-RNN model is prac-
tically evaluated using dynamic driving profiles (US06 and FUDS) under different
temperatures (-10°C, 25°C, and 50°C) . Finally, experimental results show that the
proposed GRU-RNN provided good temperature estimations under varying tem-
peratures, with RMSEs within 0.19°C, MAEs within 0.14°C and MAXEs within

0.65°C.
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Table 4.2 : Temperature estimation results with the proposed GRU-RNN and FNN

Profiles US06 FUDS
Model GRU-RNN FNN GRU-RNN FNN
MAE(°C) 0.1321 0.3200 0.0749 0.1406
-10°C RMSE(°C) 0.1670 0.3822 0.0928 0.1819
MAXE(°C) 0.4956 0.8646 0.2716 0.5818
MAE(°C) 0.0749 0.0898 0.1349 0.1013
25°C  RMSE(°C) 0.0956 0.1103 0.1626 0.1361
MAXE(°C) 0.3342 0.3156 0.4580 0.4826
MAE(°C) 0.1109 0.1023 0.1385 0.1369
50°C  RMSE(°C) 0.1374 0.1387 0.1845 0.1778
MAXE(°C) 0.4479 0.4616 0.6425 0.6610
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Chapter 5

Recurrent neural network based online SOC
estimation

5.1 Introduction

As discussed in chapter 1, signal acquisition and state estimation are two im-
portant functions of the BMS. The signal acquisition function of BMS and a novel
sensorless cell surface temperature estimation method are introduced in chapter 4.
To continue improve the functionality of the BMS, related battery state estimation
techniques will be introduced in this chapter. As aforementioned, the SOC estima-
tion is one of the most important functions of BMS to ensure a safe and efficient
operation. The battery SOC can be assumed to work like a fuel gauge in traditional
fuel vehicles. Differing from traditional fuel gauges, however, the battery SOC must
estimate rather than directly measure the remaining EV energy needs to determine

the remaining useful energy of the battery [27].

Many lithium-ion battery SOC estimation methods have been proposed [27],
which can be divided into four categories based on their working principles: (1)
ampere-hour counting (AHC) method, (2) open-circuit voltage (OCV) method, (3)
model-based (MB) method, and (4) data driven (DD) method.

The AHC method simply integrates the battery current over time. Although
this method is easy to implement online, it needs to know the precise initial SOC,
which is hard to obtain. Moreover, the measurement error from the current sensor

is accumulated during the battery operation [47].

The second category is the OCV method, which utilizes the OCV-SOC rela-
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tionship to estimate SOC. This method requires the battery to be idled for enough
relaxation time to reach the internal equilibrium [85,86]. Therefore, this method

can be theoretically accurate but hard to implement practically.

The third category is the MB method, which uses electrical or electrochemical
models to mimic battery performance. These methods have a correction feedback
loop, which is the difference between the output of the battery models and on-
line measured battery terminal voltage. By combining with this feedback, many
algorithms can be employed to estimate SOC, such as PI [42,48], sliding-mode ob-
server [27], and Kalman filters [87,88]. The MB methods are highly dependent on
the accuracy of the battery model. However, the parameters of model components
will change with battery degradation, temperature and current rate. Therefore, it

still a challenge to obtain a stable and accurate model for online SOC estimation.

The fourth category is the DD method, which treats the battery like a black
box to establish the relationship between the battery SOC and other measurable
signals. Different methods are available to train the black box, such as support
vector machines (SVM) [89] neural networks [44,90-92], and multivariate adaptive
regression splines (MARS) [93]. Unlike the MB methods, there is no need for com-
prehensive pre-knowledge of battery chemical characteristics in the DD methods. As
the computation ability and achievement in machine learning increase, the neural
network-based online SOC estimation method has gained more attention recently.
In particular, the recurrent neural network (RNN) has generated interest for on-
line SOC estimation due to its structure, which has advantages in sequence data

processing [94-96]. Details of RNNs are elaborated in the remainder of this chapter.

5.1.1 Related Works for RNN-based SOC Estimation

This section introduces RNNs and discusses significant information found in

recent publications.
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An RNN has a closed-loop structure. Therefore, an RNN can automatically
memorise and utilize past information. The key working principle of RNN is pass-
ing the output or an intermediate state of the previous time step as an input of the
present time step. For example, SOC at time step t-1 is an input of the RNN at time
step t. However, as pointed out by the neural network founder Benigo et al. [97],
when the sequence gets longer, it is harder to train an RNN to capture long-term de-
pendencies because of gradient vanishing or rare gradient explosion. More advanced
RNNs were proposed to solve this limitation, such as the long short-term memory
(LSTM), the gated recurrent unit (GRU), and the bidirectional RNN. These neu-
ral networks have advanced structures with gates, which can build the relationship
between past to present data [44,98]. The ability to retain past information makes
the RNN model useful for time series or sequence tasks, such as speech recognition

or the estimation of battery states [44,99].

A combined SOC estimation method has been proposed in [90], which uses
the LSTM-RNN to approximate the battery SOC, then uses an adaptive cubature
Kalman filter (ACKF) to further improve estimation accuracy. The paper demon-
strated that SOC estimation accuracy can be significantly improved by adopting
ACKF compared with results from LSTM-RNN-only processes. Although this pa-
per represents meaningful work, there is a problem with its experimental setting.
Note that the accuracy of SOC estimation is highly dependent on the parameters of
the RNN, which should be well designed. For [88], their parameter-setting process
is comparatively simple and lacks sufficient tuning. Moreover, combining external
filters with neural networks will increase the memory requirements and invite an

extra computation burden for the embedded system.

Recently, a stacked bidirectional LSTM RNN (BiLSTM-RNN) model has been
proposed in [92], and the authors have concluded that the BiLSTM-RNN struc-

ture is superior to other unidirectional RNNs by comparing SOC results. However,
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there are two doubts about this conclusion. First, this model contains two stacked
BiLSTM-RNN, which are equivalent to four unidirectional LSTM stacked layers.
Since there is no experimental comparison between the two BiLSTM layers and
four LSTM layers, it is unclear whether the accuracy improvement is caused by the
bidirectional structure or the increase in layers. Second, the BILSTM-RNN requires
knowing the information at both the start and the end of the sequence. Unlike
offline dataset testing, the online battery SOC estimation is a time-sequence task
that lacks definite end data during the online battery operation. As a contributory
work, [90] introduces a new neural network structure for battery SOC, yet some

issues remain to be explained and empirically verified.

5.2 Models

As discussed in the introduction, different RNN models have been adopted to
estimate battery SOC. However, there is a lack of fair comparison between the

models. This section provides a comprehensive introduction to different RNNs,

including the traditional RNN, LSTM-RNN, GRU-RNN and bidirectional RNN.

5.2.1 Traditional RNN

The first RNN was developed from the work of David Rumelhart in 1986. Figure
5.1(a) displays the basic architecture of an RNN, which has feedback loops that
allow past information to persist [100]. Moreover, the present output of the system
is decided by the present input and the historical memory, which can be called the

hidden state (h), whose update function is expressed as follows:

0, t=0
h=t> = (5.1)

f(h=t=1> 0 2<t>)  otherwise

where <> is the input vector (V,I,T) at the time step t, f is the nonlinear activa-
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h<t=1t> h=t> are the old and new hidden state, respectively.

tion function, and and

____________________________________________________

X X<1 > X<2> X<t> X<t+1 >
(a)
y<t>
92
<t>
h<t-1> h
( (T W h<t
’k \/ Jd1 J >
A
X<t>
(b)

Figure 5.1 : (a)Illustration diagram of RNN working principle; (b) Traditional RNN

cell.

Figure 5.1(b) shows the internal structure of a traditional RNN cell, and its
update function of the hidden state in (5.1) and the output function are given as

follows:

h<t> = ¢ (Whh . h<t—1> + Whm L p<t> + bh) (52)
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Figure 5.2 : LSTM cell structure

Y = go (Wynh="” +by) (5.3)

where Wy, Wiy, Wy, are distinct weight matrix between layers, b, and b, are the

<t>

bias parameter of the node, g; and go are activation functions, and y<*~ is the output

(SOC) of the system.

One advantage of the RNN is that its computation can regard historical infor-
mation. However, it is difficult to capture data from a long time ago when the
input sequence lengthens due to gradient vanishing or rare gradient explosion [97].
This lengthening occurs because the multiplicative gradient exponentially decreases
according to the numbers of layers. Advanced cell structures such as LSTM and
GRU, which have adopted mechanisms called gates to reduce the gradient vanishing

rate, have been proposed to overcome this problem.

5.2.2 LSTM-RNN

The LSTM-RNN, which is an improved RNN proposed by Hochreiter in 1997
[101], has a similar structure to the traditional RNN ( see Figure 5.1(a)). The
LSTM cell, however, has a different structure from a traditional RNN cell. As

shown in Figure 5.2, three gates are used to decide whether the LSTM cell should
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memorize the historical or input information. Moreover, the persistent information
after calculation will be used to update the cell state (5<t>), which behaves like a

conveyor belt in LSTM-RNN.

The first step of the LSTM cell is to decide how much information should be
deleted from the cell state. This decision is made by a sigmoid function called the

forget gate (f<*), which can be expressed as follows:

<P =g (Wf . [h<t—1>7x<t>] + bf) (5.4)

The second step is to decide how much information should be stored in the
cell state. This step is divided into two parts: a sigmoid function named update
gate decides which information should be updated. Next, a tanh function creates a

candidate value (C<">) for further cell state operation:

i<t> =0 (VVZ . [h<t—1>,x<t>} + bz)
R (5.5)
C<t> = tanh (WC . [h<t—1>7 1’<t>} + bC)

The third step is to update the cell state from the previous state (C<"1>) to

the new state (C<'>):

C<t> = f, % O<t=1> 4 <t> y O<t> (5.6)

The fourth step of the cell computation is to decide what the output is, which is
based on the cell state (C<2) but is a filtered version. This step is also divided into
two parts: a sigmoid function named output gate decides which information should
become the output, then a tanh function is used to process the cell state, and its

output value is multiplied with the result of the output gate (0<'>).
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<t

Figure 5.3 : GRU cell structure

o<t> = o (Wo . [h<t—1>7 x<t>] 4 bo) (5 7)

h<> = 0<> x tanh (C <)

Finally, a fully connected layer and an output regression layer are used to perform
a transformation from the hidden state h<*> to the required SOC estimation value

(y<'>) at time t, which is demonstrated as follows:

y<'7 = Wunh™" + b, (5.8)

5.2.3 GRU-RNN

Like the LSTM cell, GRU-RNN was introduced to overcome the gradient van-
ishing issue of the traditional RNN, but with a simpler cell structure than the
LSTM [98]. The GRU cell also has gates to modulate the flow of the information in-
side the cell; however, there is no separate memory cell. Figure 5.3 shows a graphical

illustration of a GRU cell, and the detailed explanation is given below.

The first step is of the GRU cell is to calculate the relevance of the previous
cell state to the current cell state using a sigmoid activation called ‘relevance gate’

(r<>), which can be expressed as follows:
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T'<t> =0 (Wr . [h<t71>7 $<t>]) (59)

<t>)

The update gate (z used to decide the portion of the previous state should

be retained:

Z<t> — g (Wz X [h<t—1>’ x<t>}) (510)

Like the relevance gate, the update gate is also a sigmoid activation, making the
GRU retain the cell state for a long time. Moreover, the update method of the cell

state is given below:

< = tanh (W - [r< % h<1>, 2<]) (5.11)

h<t> = (1 — 2<) % =171 4 =< 5 p<t> (5.12)

where h<> is the candidate cell state and A<t is a final filtered cell state, which is

also the output value of GRU.

5.2.4 Bidirectional RNIN

Conventional RNNs are unidirectional and can only process data from a posi-
tive time direction. In comparison, a bidirectional RNN (BiRNN) can process the
sequence data from both the forward and backward propagation due to its inherent
double recurrent hidden layer structure, as shown in Figure 5.4. It has been proven
that the BiRNN can behave better than unidirectional RNN in some scenarios such

as translation and speech recognition [102].

%
The forward layer output sequence, h;, is calculated using inputs in a positive

sequence, while the backward layer output sequence, E, is calculated by using the
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Figure 5.4 : Internal structure of BIRNN

reversed inputs. Finally, the BiRNN layer generates an output, <!>, which is given

by

y< — g <ﬁ<t>7 (E<t>) (5.13)

where the sigmoid function is used to merge these two output sequences. The for-
ward and backward layers can be either LSTM or GRU structure, and the calculation

process of LSTM and GRU have been elaborated above.

5.3 Experimental Setup

Figure 5.1(a) demonstrates the overall structure for how to utilize the battery
data to train a neural network, which can be used for online battery SOC estimation.

A detailed data process and algorithm setting are provided in this section.

5.3.1 Experimental Platform

The experimental data of this chapter is from the Center for Advanced Life Cycle
Engineering of the University of Maryland [11]. The experimental platform consists

of tested batteries, a battery tester (Arbin BT2000), a climate chamber, and a PC
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with Arbin software, which can command the tester and record signals (current and
terminal voltage) of the cells. The experimental samples are conventional 18650

NCM lithium-ion cells, whose specifications are given in Table 5.1.

Table 5.1 : Specifications of the batteries in the experiment

Sample Type Material Voltag Range / V. Capacity / Ah

INR18650 NCM 2.5-4.2 2.0

5.3.2 Experimental Data

To mimic the complicated and uncertain operations of EVs, a practical driving
profile is applied on the battery for testing: the Federal Urban Driving Schedule
(FUDS) [48]. According to the transferring principle defined by the US Advanced
Battery Consortium (USABC), the dynamic profiles can be scaled down to the
desired maximum demand based on the specifications of the test samples [48]. The

operational time for one cycle of FUDS is 1372 s.

In the test, the battery cell is fully charged to 100% SOC and discharged to 80%,
and then it is idled for relaxation. Moreover, the specific dynamic profile is applied
to the battery cell until reaching the lithium-ion batteries’ cut-off voltage, which
is 2.5V. A selected example current/voltage/SOC curves of the battery under the

FUDS profile at 45°C is shown in Figure 5.5.

A typical data preparation method in the machine learning field is adopted and
briefly introduced in this chapter. The entire data set is randomly divided into three
inner groups, which are training, validation and testing. Specifically, partial data
(75%) is chosen to train the neural network, and the 15% data are used to validate

the accuracy of the trained network during the training process. Once the model is
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Figure 5.5 : FUDS drive cycle recorded at 45°C. The data are shown from the top

to bottom: current, terminal voltage and SOC.

successfully trained, the remaining 15% data is used to test its estimation accuracy.

5.3.3 Experimental Procedure

i. Data Normalization: The experimental dataset (one example is given in
Figure 5.5) is a conventional raw dataset, which should be properly normal-
ized before feeding into the neural network. A commonly used normalization

equation is adopted in this work as follows:

2 — {L'min
Tnorm = ('T ‘ ) -1 (514)

Tmax — Lmin
where i, and Tn., are the minimum and maximum value of the battery
dataset (voltage, current, temperature and SOC), and z is the related data at

the present moment.
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Loss Function: During the neural network training process, there is a loss
function to measure the gap between the estimated battery SOC and real
SOC. Also, the aim of the training process is to find a minimum point of
this function. In this work, a conventional root-mean-square error (RMSE) is

adopted as the loss function:

N
RMSE = %Z (SOCt - S/o\cy)2 (5.15)

where N is the length of the dataset, SOC; is the real SOC at moment ¢, and

S/O\C’t is the model estimated SOC at moment .

Network Setting: This network setting decides the possible highest accuracy
or loss of the neural network. For an RNN-based battery SOC estimation
model, the most basic parameters are the type of RNN cell, the number of
layers, and the number of hidden nodes per layer. Moreover, these three
parameters have been extensively discussed in published works. However,
some advanced settings, such as the batch size, have only been mentioned in
a few papers. As this chapter aims to provide a comprehensive evaluation of
RNNs on battery SOC estimation, all these parameter settings are elaborated

with unbiased experimental results in Section 5.5.

Network Evaluation: Estimation accuracy is a vital factor for the trained
neural network. Three criteria can be used to assess estimation accuracy: root
mean square error (RMSE) and mean absolute error (MAE), and maximum

MAE (MAXE).

1 & N2
RMSE = N; (SOCt—SOCt) (5.16)
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N
]_ —
MAE = ;:1: ’SOCt _50¢, (5.17)
MAXE = Maz (soot ~50C, (5.18)

in which the accuracy validation is to compute the differences between the
trained network estimated SOC and the real SOC. Normally, the smaller the

error value, the higher the accuracy of the trained network.

5.4 Experimental Results and Discussion

All experiments are conducted using Matlab 2020 on a computer with a single
Intel(R) Core (TM)-i7-8550U CPU. For a fair comparison, all networks are trained

using the Adam solver for 1000 epochs.

5.4.1 Different Numbers of The Hidden Nodes

The hidden nodes of the RNNs refers to the dimensionality of the ‘hidden state’,
which determines the ‘width’ of the RNNs. Deciding the number of hidden nodes is
an essential part of evaluating the performance of the neural network. Using too few
neurons in the hidden layers will result in an under-fitting problem, which means the
hidden layers cannot adequately detect the signals from a complicated dataset. On
the other contrary, having too many hidden nodes also can result in two problems:
over-fitting and time-consumption. Various hidden node values are provided in
different published works. For example, the authors have chosen 500 hidden nodes
per layer in their LSTM-RNN structure [44]. Meanwhile, in [90]], only 32 hidden
nodes were selected for the LSTM-RNN model. Moreover, 150 and 64 hidden nodes

have been selected in GRU-RNN and BiLSTM-RNN models, respectively [92].

Therefore, it is necessary to explore the effects of hidden nodes on model accuracy

and determine an optimal hidden node value. Usually, the multiple consecutive
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powers of 2 are widely used for choosing hidden nodes in the machine learning field
[92], and this setting strategy is adopted in this chapter to set the number of hidden
nodes of RNNs. This section provides the estimation accuracy comparison of LSTM-
RNN, GRU-RNN, and BiLSTM-RNN under the same experimental setting. Note
that one BiILSTM-RNN layer consists of two separate LSTM layers with different
processing directions. Therefore, for a fair comparison, one BiLSTM-RNN equals
two LSTM-RNNs or two GRU-RNNs. Table 5.2 lists the comparison results for
each number of hidden neurons N}, of 32, 64, and 128. The results show that the
LSTM-RNN model achieved the highest estimation accuracy under three conditions.
Moreover, the BILSTM-RNN did not shown a better performance when this type of
model has the same layer value. In general, GRU-RNN, LSTM-RNN and BiLLSTM-

RNN have the best estimation performance with 64 hidden nodes.



Table 5.2 : Comparison results using different numbers of hidden nodes

Hiden Nodes GRU-RNN LSTM-RNN BiLSTM-RNN

MAE (%) RMSE (%) MAXE (%) MAE (%) RMSE (%) MAXE(%) MAE (%) RMSE (%) MAXE (%)

32 1.91 2.28 5.91 1.75 2.10 5.64 2.38 2.88 9.18
64 1.87 2.24 5.93 1.72 2.06 5.35 2.29 2.77 7.82
128 1.93 2.30 5.69 1.71 2.07 5.06 2.33 2.81 8.66

Table 5.3 : Comparison results using different numbers of layers

Layers GRU-RNN LSTM-RNN BiLSTM-RNN

MAE (%) RMSE (%) MAXE (%) MAE (%) RMSE (%) MAXE (%) MAE (%) RMSE (%) MAXE (%)

2 1.87 2.24 2.93 1.72 2.06 2.35 2.29 2.77 7.82

4 1.48 1.78 5.15 1.48 1.77 4.86 1.76 2.09 6.12

¢01



Table 5.4 : Comparison results using different numbers of mini-batch

Mini-Batch GRU-RNN LSTM-RNN BiLSTM-RNN

MAE (%) RMSE (%) MAX-MAE (%) MAE (%) RMSE (%) MAX-MAE (%) MAE (%) RMSE (%) MAX-MAE (%)

128 1.47 1.80 5.32 1.45 1.73 4.62 1.71 2.05 5.51
256 1.48 1.78 5.15 1.48 1.77 4.86 1.76 2.09 6.12
512 1.50 1.81 5.48 1.49 1.79 4.61 1.78 2.11 5.47

€01
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5.4.2 Different Numbers of The Layers

The number of layers determines the ‘depth’ of the neural network model, and
can directly affect the estimation performance. The different number of layers are
summed to generate of a model for comparison. Section 5.5.1 has shown that neural
network models with 64 hidden nodes have the best performance. Therefore, a layer
with 64 hidden nodes is adopted for further comparison. This section provides the
estimation accuracy comparison of the models with different numbers of LSTM-
RNN, GRU-RNN and BiLSTM-RNN layers. The comparison results are given in
Table 5.3. Note that two layers of LSTM-RNN and GRU-RNN are the same as one
BiLSTM-RNN layer. From Table 5.3, it can be seen that a neural network with four

layers has a higher estimation accuracy than a model with two layers.

5.4.3 Different Numbers of Mini-Batch

Some settings have been neglected in several previous works, such as the mini-
batch [90,92]. In Sections 5.5.1 and 5.5.2, trained neural network models have default
settings, which is explained as follows: the mini-batch is 256. The experimental
results of Sections 5.5.1 and 5.5.2 have proven that a RNN with 4 layers and 64
hidden nodes has the best performance. In this section, three RNN models with
4 layers and 64 nodes are evaluated with different numbers of mini-batch, and the
results are given in Table 5.4. It can be found that LSTM-RNN and BiLSTM-RNN
have the best estimation performance when the mini-batch equals 128. For GRU-
RNN, the model has the lowest MAE when the mini-batch equals 128. However,

the model has the lowest RMSE and MAX-MAE when the mini-batch equals 256.

5.4.4 Result Discussion

After introducing the characteristics of different RNN-based SOC estimation

methods, previous sections also offer brief experimental results, which can be found
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in Tables 5.2, 5.3 and 5.4. The findings and summary of the experimental results

are given in this section.

From the experimental results, it can be found that the performance of BILSTM-
RNN is not better than GRU-RNN and LSTM-RNN when they have the same
numbers of layers. Moreover, the results show that the LSTM-RNN has the best
estimation performance when the models have four layers with 64 hidden nodes and

the model training mini-batch equals 128.

5.5 Summary

RNN, which has a time-sequence characteristic, has gain attention in sequence
modelling and data processing. However, the structure of the traditional RNN
dictates that it cannot capture long-term dependence features due to the vanishing
gradient. More advanced RNNs, such as LSTM-RNN, GRU-RNN and BiRNN, have
been proposed in different scenarios such as translation and speech recognition to
overcome this problem. Since the SOC estimation process is a typical sequence-
modelling task, many researchers have applied these advanced RNNs into battery
SOC estimation, claiming that the model they adopted has more advantages than
others. However, in the battery SOC estimation field, there is no detailed empirical
evaluation of these advanced RNNs. In this chapter, detailed theoretical analysis
and comparison of these advanced RNNs has been provided. Second, a systematic
experiment-based evaluation under a practical driving profile (FUDS) has been ap-
plied to advanced RNNs. Third, a brief discussion about the SOC estimation of
LSTM-RNN, GRU-RNN and BiLSTM-RNN under different settings is offered in

this chapter.
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Chapter 6

Conclusion

6.1 Conclusion

Motivated by the requirement of a high efficient, reliable, stable and safe op-
eration with low cost for the lithium-ion batteries, this thesis proposed a series of
techniques for lithium-ion batteries from parameter measurement, modelling, and

states estimation perspectives.

Chapter 1 gave a brief introduction to the background, theory and management
of lithium-ion batteries. The background section explained that the lithium ion bat-
tery is a necessary component for a green planet. The introduction to lithium-ion
batteries described the working principle, different types, and equivalent models of
lithium-ion batteries. The introduction to the BMS detailed the main functions of
BMS: signal measurement, states estimation (SOC and SOH), cell balancing (passive

balancing and active balancing).

Chapter 2 elaborated a rapid OCV measurement method, which utilizes OCBCP
to reduce the initial polarization voltage and shorten the time for the battery to reach
its equilibrium state for SOC estimation. A second-order relaxation model, which
shows a good balance between accuracy and simplicity, was established for analyzing
the relationship between current and polarization voltage. Furthermore, considering
the safe operation of the battery and hysteresis voltage issue, a 1C bipolar-current
pulse with six minutes’ duration was chosen for implementation. The effectiveness of
the proposed method was verified, and it save 30% to 90% relaxation time compared

with that of the conventional incremental OCV method.
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Chapter 3 proposed an efficient and accurate online battery impedance mea-
surement method with reduced converter output voltage ripples. The cause of the
large output ripples in the conventional duty-cycle perturbation method was an-
alyzed. Based on the analysis and proof, a low ripple solution by changing the
perturbation source from the main switch of the converter to the input of the con-
verter through a small switched resistor circuit (SRC) was proposed and verified.
Theoretical analysis, simulation and experimental results showed that the output
ripples of the proposed SRC perturbation method are 16 times smaller than the
conventional duty-cycle perturbation method. Moreover, a SRC-integrated boost
converter was used to validate that the proposed approach can accurately measure
the battery impedance. The experimental results showed that the overall measure-
ment impedance error is less than 5% under different discharge current rates and

battery SOC values as compared with a commercial impedance analyzer.

Chapter 4 proposed a sensorless battery temperature estimation method using a
GRU-RNN based on sensor-measured battery voltage, current and ambient temper-
ature signals. This chapter explained why recurrent neural networks can estimate
battery temperature from the battery heat generation and temperature distribution
perspective. The analysis showed that the heat generation and temperature distri-
bution are a sequence task, which should be solved by an RNN. By considering the
limitations of the RNN, a GRU-RNN, which has a simple internal structure and can
handle the long-term sequential dependencies, was adopted and well-trained. More-
over, the proposed sensorless model was evaluated using dynamic driving profiles
under different temperatures. Finally, the experimental results proved the high ac-
curacy of the proposed method that the maximum error in the best and worst-case

scenarios is 0.2716°C and 0.6425°C, respectively.

Chapter 5 gave a detailed theoretical analysis and comparison of several advanced

RNNs (LSTM-RNN, GRU-RNN;, and BiRNN). Moreover, a systematic experiment-
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based evaluation under a practical driving profile has been applied to these advanced

RNNs with different model settings for online SOC estimation. Third, a brief discus-

sion about the influence of different RNNs and settings on SOC estimation accuracy

was given in this chapter.

6.2

Future Work

There are several recommendations for future research.

1.

ii.

iii.

1v.

The rapid OCV measurement method in chapter 2 was developed with new
battery cell under the room temperature. For future work, the proposed tech-
nique should be extended to the aging battery under different temperature

conditions.

The proposed online battery impedance measurement method in chapter 3
was based on SRC at the input of the converter. It should be noted that the
SRC shares the same structure of the passive balancing circuit. For future
work, the passive balancing circuit will be used as SRC of the cell for the
online impedance measurement. Therefore, the new measurement circuit will

not increase the overall cost and size of the system.

The proposed sensorless surface temperature estimation method in chapter 4
was developed by the data of the single cell. Normally, the battery cells need
to be connected in series and parallel to form into a battery pack, in which the
battery surface temperature will be influenced by the thermal coupling among
cells. In the future work, the GRU-RNN based temperature estimation in a

battery pack will be comprehensively investigated.

This thesis has proved that the artificial intelligence based or neural network

battery models can behave good both in surface temperature estimation task
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and SOC estimation taks. However, these models were evaluated by Intel
CPU. For future work, the neural network battery model will be evaluated by

the DSP, which is more practical for the real application.
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